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Abstract 23 

Soil quality assessment is essential for understanding spatial variability in soil conditions and 24 

supporting sustainable soil management. This study aimed to assess and spatially characterize 25 

soil quality in the Northern Mountainous and Midland Region (NMMR) and the Red River 26 

Delta (RRD) of northern Vietnam using an integrated Principal Component Analysis (PCA) 27 

Minimum Data Set (MDS) entropy-weighting approach. A total of 346 soil samples were 28 

collected, including 261 from the NMMR and 85 from the RRD, and analyzed for 29 

physicochemical properties and potentially toxic elements. PCA was used to identify the 30 

major dimensions of soil variability and reduce redundancy among indicators, resulting in an 31 

MDS of seven indicators: Pb, As, bulk density, Cd, Zn, organic carbon, and clay. The 32 

selected indicators were weighted using the Shannon entropy method and integrated into a 33 

Soil Quality Index (SQI). The mean SQI was significantly higher in the RRD (0.4633 ± 34 

0.0537) than in the NMMR (0.4280 ± 0.0629), representing an 8.25% difference with a 35 

moderate effect size (Cohen’s d = 0.581, p < 0.001). The NMMR also exhibited a wider 36 

range of SQI values, indicating greater within-region variability. For spatial prediction, 37 

Inverse Distance Weighting (IDW) with a power parameter of 1.5 performed best in the 38 

NMMR, whereas IDW with a power parameter of 1.0 performed best in the RRD based on 39 

cross-validation RMSE. However, the relatively low cross-validation R² values indicated 40 

limited spatial predictability from geographic proximity alone. As conclusion, the integrated 41 

PCA-MDS entropy framework provided a practical regional-scale approach for assessing soil 42 

quality and identifying areas requiring further investigation and management. 43 

Keywords: SQI; MDS; PCA; entropy weighting; spatial interpolation; northern Vietnam. 44 
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Introduction 45 

Soil is a finite, slowly renewable resource that underpins food security, water regulation, and 46 

ecosystem services, yet it is increasingly threatened by degradation processes such as 47 

compaction, organic matter depletion, and contamination by potentially toxic elements (PTEs) 48 

(Almasoud et al., 2014; Anh et al., 2026; Toan et al., 2025; Tuan Anh et al., 2026). Because 49 

soil quality cannot be measured directly, it is commonly assessed using composite indices that 50 

integrate multiple physical, chemical, and biological indicators into a single, interpretable 51 

value. Among these, the Soil Quality Index (SQI) derived from a Minimum Data Set (MDS) 52 

has become one of the most widely applied frameworks, as it reduces a large pool of candidate 53 

indicators to a smaller, non-redundant subset selected through multivariate statistical 54 

techniques such as principal component analysis (PCA), each indicator subsequently 55 

standardized to a unitless score and combined using a weighting scheme (Maaz et al., 2023; 56 

Raiesi, 2017; Stenberg, 1999; Yang et al., 2026; P. Yu et al., 2018). A critical, and often 57 

inconsistently applied, step in the MDS approach is the derivation of indicator weights. While 58 

earlier studies frequently assigned weights based on the proportion of variance explained by 59 

each retained principal component, this approach can be sensitive to the specific PCA solution 60 

and does not always reflect the true information content of each indicator across the sampled 61 

population (Wang et al., 2025; Yang et al., 2026). The Shannon entropy method offers an 62 

alternative, data-driven weighting scheme that assigns greater weight to indicators with higher 63 

variability (greater discriminatory power) among sampling sites, and has been increasingly 64 

adopted in recent soil quality assessments as a more objective alternative to expert opinion or 65 

variance-based weighting (Borchers & Pieler, 2010; Ghosh et al., 2025; Xie et al., 2018). 66 

Beyond inherent physical and chemical fertility, PTEs such as Cd, Pb, As, Cr, and Zn represent 67 

a growing concern for soil quality and, by extension, human and ecosystem health, given their 68 
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persistence, potential for bioaccumulation, and the multiple anthropogenic and geogenic 69 

pathways through which they enter agricultural soils, including mining activity, industrial 70 

emissions, traffic, agrochemical use, and parent material weathering (Anh et al., 2026; Cai et 71 

al., 2019; Kutakimina et al., 2026; T. Nguyen-Sy et al., 2025). Incorporating PTEs alongside 72 

conventional physical and chemical indicators within a single SQI framework therefore 73 

provides a more health-relevant and environmentally comprehensive assessment of soil 74 

condition than fertility indicators alone (Jahany & Rezapour, 2020; Mamehpour et al., 2021; 75 

Rahmanipour et al., 2014; Sultanovna & Ismailovich, 2026; Yeilagi et al., 2021). 76 

Vietnam presents a particularly informative setting for comparative soil quality assessment, as 77 

its northern territory encompasses two agroecologically contrasting regions: the Northern 78 

Mountainous and Midland Region (NMMR), characterized by steep terrain, heterogeneous 79 

geology, and mixed upland cultivation (Anh et al., 2026; Clemens et al., 2010; Tuan Anh et 80 

al., 2026), and the Red River Delta (RRD), a low-lying alluvial plain under long-term intensive 81 

paddy rice cultivation (Mussgnug et al., 2006; Phuong et al., 2009). These two regions differ 82 

markedly in parent material, land-use history, agrochemical input, and erosion/deposition 83 

dynamics, all of which are expected to shape both the fertility status and the contamination 84 

status of their soils as our recent research (Anh et al., 2026; Tuan Anh et al., 2026). Despite 85 

this contrast, direct, quantitative comparisons of soil quality between the two regions using a 86 

unified indicator framework remain limited, and few studies have combined an entropy-87 

weighted MDS-based SQI with geospatial interpolation to characterize the spatial distribution 88 

of soil quality across such a large and heterogeneous area. 89 

Due to the gap of above research, this study therefore aimed to (i) characterize and statistically 90 

compare the physical, chemical, and potentially toxic element properties of soils in the NMMR 91 

and RRD regions of northern Vietnam; (ii) identify a Minimum Data Set of soil quality 92 

indicators using principal component analysis and derive their weights using the Shannon 93 
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entropy method; (iii) compute a composite SQI for each sampling site and compare SQI values 94 

between the two regions; and (iv) evaluate spatial interpolation methods and map the spatial 95 

distribution of soil quality across both regions to identify priority areas for soil management. 96 

Materials and Methods 97 

Study area and soil sampling 98 

Soil sampling was conducted in two contrasting agroecological regions of northern Vietnam: 99 

the Northern Mountainous and Midland Region (NMMR) and the Red River Delta (RRD) 100 

(Fig. 1).  101 

Fig. 1 Study area and spatial distribution of soil sampling sites in the NMMR and RRD 102 

The study area covered approximately 19 - 23°N latitude and 102 - 108°E longitude. A total 103 

of 346 soil samples were collected, including 261 samples from the NMMR and 85 samples 104 

from the RRD. The sampling sites were georeferenced using a handheld Global Positioning 105 

System (GPS) receiver. Field investigation and sampling were conducted in accordance with 106 

Circular No. 11/2024/TT-BTNMT, issued by the Ministry of Natural Resources and 107 
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Environment of Vietnam on 31 July 2024, which sets out technical requirements for soil 108 

investigation and assessment, as well as for soil protection, improvement, and restoration.  109 

Sampling locations were established based on relatively homogeneous soil and terrain units. 110 

The delineation of sampling units considered at least two relatively homogeneous factors, 111 

namely soil type and terrain. Depending on the degree of homogeneity and complexity of soil 112 

and terrain distribution, sampling density was approximately one sampling location per 2,500 113 

ha for areas with highly homogeneous soil and terrain, one per 2,000 ha for relatively 114 

homogeneous areas, and one per 1,500 ha for areas with complex and interspersed soil and 115 

terrain conditions.  Soil samples were collected from the surface soil layer at a depth of 0–50 116 

cm, depending on the thickness of the surface soil horizon. Approximately 2 kg of soil was 117 

collected at each sampling location. Sampling and laboratory analyses were conducted from 118 

January to April 2025.  119 

Soil physicochemical and potentially toxic element analyses 120 

A total of 18 soil quality indicators were determined for the collected samples, covering 121 

physical properties, chemical properties, nutrient status, and potentially toxic elements 122 

(PTEs). The indicators included bulk density, pH measured in KCl (pH_KCl), sand, silt, clay, 123 

cation exchange capacity (CEC), organic carbon (C), total nitrogen (N), total P₂O₅, total K₂O, 124 

and eight PTEs (Cd, Cu, As, Pb, Cr, Zn, Ni, and Co).  Soil particle-size distribution was 125 

determined using the pipette method. Bulk density was determined from the mass of oven-126 

dried soil per unit volume of the undisturbed soil core. Particle density and porosity were 127 

determined from soil mass and volume measurements. Soil pH_KCl was measured after 128 

extraction with 1 N KCl at a soil-to-solution ratio of 1:5 using a calibrated pH meter. Organic 129 

carbon was determined using the Walkley - Black method, while total nitrogen was 130 

determined using the Kjeldahl method. Total P₂O₅ was determined by a colorimetric method, 131 

total K₂O by flame photometry, and CEC by ammonium acetate extraction at pH 7. 132 

Concentrations of Cd, Cu, As, Pb, Cr, Zn, Ni, and Co were determined as potentially toxic 133 

element indicators. The analytical quality-control procedure should be described using the 134 

actual digestion and instrumental determination methods used for the soil samples. The 135 

available Certificate of Analysis documents a certified freshwater-sediment reference 136 

material (CRM016-50G), with certified values for As, Cd, Cr, Co, Cu, Pb, Ni, and Zn, among 137 

other elements. The certificate indicates that the CRM is suitable for digestion using USEPA 138 

3050, 3051, or equivalent methods.  139 
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Analytical framework for soil quality assessment 140 

The overall analytical framework adopted in this study is presented in Fig. 2.  141 

142 

Fig. 2 Workflow of the soil quality assessment framework 143 

The assessment consisted of a sequential workflow involving soil sampling and laboratory 144 

analysis, data preprocessing, principal component analysis (PCA), Minimum Data Set (MDS) 145 

selection, entropy-based weighting, SQI calculation, spatial interpolation, and soil-quality 146 

mapping. Initially, 18 soil quality indicators were measured for the collected soil samples. 147 

Following data preprocessing, the candidate indicators were evaluated using PCA to identify 148 

the major dimensions of soil-quality variation and to reduce redundancy among indicators. A 149 

subset of representative indicators was subsequently selected to form the MDS. The selected 150 

MDS indicators were assigned data-driven weights using the Shannon entropy method and 151 

transformed into dimensionless scores according to their respective scoring functions. The 152 

weighted scores were then integrated to calculate the SQI for each sampling location. 153 
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Subsequently, the spatial distribution of SQI was evaluated separately for the NMMR and 154 

RRD using alternative spatial interpolation approaches. Cross-validation was used to assess 155 

interpolation performance, and the best-performing model for each region was used to 156 

generate the final spatial SQI surface. The resulting maps were then classified into soil-157 

quality categories to facilitate regional interpretation and identification of areas requiring 158 

further investigation or management attention. 159 

Principal component analysis and Minimum Data Set selection 160 

Principal component analysis (PCA) was used to reduce the dimensionality of the soil-quality 161 

dataset and identify a Minimum Data Set (MDS) for subsequent SQI calculation. Of the 18 162 

initially measured soil quality indicators, silt content was excluded before PCA, resulting in 163 

17 candidate indicators for multivariate analysis. Geographic coordinates were not considered 164 

soil quality indicators and were therefore excluded from the PCA. PTE concentrations were 165 

log₁₀-transformed before PCA to reduce the influence of highly right-skewed distributions. 166 

The number of principal components (PCs) retained for subsequent indicator selection was 167 

determined using three complementary criteria: the eigenvalue-greater-than-one criterion, the 168 

scree plot, and parallel analysis.  169 

Entropy-based weighting of MDS indicators 170 

The relative weights of the seven MDS indicators were determined using the Shannon 171 

entropy weighting method. Entropy weighting was used to quantify the relative contribution 172 

of each indicator to the overall information based on its variability across sampling sites. The 173 

resulting weights were normalized so that the sum of all indicator weights was equal to 1.  174 

Soil Quality Index calculation 175 

The selected MDS indicators were transformed into dimensionless scores ranging from 0 to 1 176 

using nonlinear scoring functions. The scoring direction was determined according to the 177 

expected relationship between each indicator and soil quality. Pb, As, Cd, and Zn were 178 

evaluated using a “lower is better” function, whereas C was evaluated using a “higher is 179 

better” function. Bulk density and clay were evaluated using optimum-response functions 180 
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according to their respective relationships with soil quality. The SQI for each sampling 181 

location was calculated using a weighted additive approach: 182 

𝑆𝑄ܫ ௜௡ݓ∑=
௜=1 𝑆௜ 184 

 183 

where 𝑆𝑄ܫis the Soil Quality Index, ݓ௜is the normalized entropy-derived weight of the ith 185 

MDS indicator, 𝑆௜is the corresponding dimensionless score ranging from 0 to 1, and ݊is the 186 

number of indicators included in the MDS (݊ = 7). Thus, the SQI integrates the standardized 187 

performance and relative information contribution of the seven selected indicators into a 188 

single dimensionless measure. 189 

Statistical and spatial analysis 190 

Descriptive statistics, including mean, standard deviation, median, minimum, and maximum, 191 

were calculated for each soil quality indicator separately for the NMMR and RRD. 192 

Differences in soil physicochemical properties and potentially toxic element concentrations 193 

between the two regions were evaluated using Welch's t-test, which does not assume equal 194 

variances between groups. Statistical significance was assessed at p < 0.05. For the SQI, 195 

regional differences were assessed using the mean difference, percentage difference, Cohen's 196 

d effect size, Welch's t-statistic, corresponding degrees of freedom, p-value, and 95% 197 

confidence interval (CI) for the difference between regional means. All statistical analyses, 198 

PCA, entropy weighting, SQI calculations, spatial interpolation, cross-validation, and 199 

graphical outputs were performed using R version 3.5.4 (R Core Team, Vienna, Austria). 200 

Results and Discussion 201 

Soil physicochemical properties and potentially toxic elements 202 

The descriptive statistics of soil physicochemical properties and potentially toxic elements 203 

(PTEs) in the Northern Mountainous and Midland Region (NMMR) and Red River Delta 204 

(RRD) are presented in Table 1. Substantial variability was observed among the investigated 205 
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soil indicators, particularly for several PTEs. Significant differences between the two regions 206 

were observed for bulk density, total nitrogen (N), and chromium (Cr), whereas the other 207 

measured indicators did not differ significantly at p < 0.05.  208 

Table 1. Descriptive statistics of soil physicochemical properties and potentially toxic 209 

elements in the NMMR and RRD regions 210 

Bulk density was significantly higher in the NMMR than in the RRD, with mean values of 211 

1.409 ± 0.098 and 1.322 ± 0.104 g cm⁻³, respectively (p < 0.001). This difference indicates a 212 

generally denser soil condition in the NMMR. In contrast, the RRD exhibited a slightly 213 

higher mean organic carbon concentration (1.698 ± 0.904%) than the NMMR (1.575 ± 214 

0.916%), although the difference was not statistically significant (p = 0.281). The mean clay 215 

contents were also similar between the NMMR and RRD (19.162 ± 9.908% and 17.981 ± 216 

10.025%, respectively; p = 0.346), as were pH_KCl and CEC.  217 

Total N was significantly higher in the RRD than in the NMMR (0.139 ± 0.076% versus 218 

0.120 ± 0.066%; p = 0.036). The higher N concentration in the RRD may reflect differences 219 

in agricultural management and nutrient inputs; however, the available dataset does not 220 

permit direct testing of these potential drivers (Mussgnug et al., 2006). It is noted that P₂O₅ 221 

and K₂O did not differ significantly between regions (p-values of 0.845 and 0.205, 222 

respectively), whereas PTE concentrations showed pronounced variability, particularly in the 223 

Group Variable Unit NMMR (Mean ± SD) RRD (Mean ± SD) p-value

Physical properties Bulk density g cm⁻³ 1.409 ± 0.098 1.322 ± 0.104 <0.001

Physical properties pH (KCl) - 4.809 ± 1.094 5.004 ± 1.262 0.205

Physical properties Sand % 54.563 ± 14.116 53.118 ± 19.958 0.537

Physical properties Clay % 19.162 ± 9.908 17.981 ± 10.025 0.346

Physical properties CEC meq 100 g⁻¹ 10.623 ± 4.482 10.418 ± 4.964 0.735

Chemical properties C % 1.575 ± 0.916 1.698 ± 0.904 0.281

Chemical properties N % 0.120 ± 0.066 0.139 ± 0.076 0.036

Chemical properties P₂O₅ % 0.180 ± 0.658 0.189 ± 0.160 0.845

Chemical properties K₂O % 0.879 ± 0.614 0.984 ± 0.672 0.205

Potentially toxic elements Cd mg kg⁻¹ 0.469 ± 2.220 0.198 ± 0.182 0.052

Potentially toxic elements Cu mg kg⁻¹ 64.817 ± 552.856 29.914 ± 32.396 0.311

Potentially toxic elements As mg kg⁻¹ 35.793 ± 342.067 10.600 ± 18.673 0.237

Potentially toxic elements Pb mg kg⁻¹ 56.861 ± 349.385 23.881 ± 15.933 0.130

Potentially toxic elements Cr mg kg⁻¹ 64.754 ± 207.530 28.625 ± 34.795 0.007

Potentially toxic elements Zn mg kg⁻¹ 116.445 ± 797.352 50.446 ± 38.887 0.184

Potentially toxic elements Ni mg kg⁻¹ 32.781 ± 169.595 14.519 ± 12.707 0.086

Potentially toxic elements Co mg kg⁻¹ 16.903 ± 75.031 9.977 ± 14.579 0.159
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NMMR. For example, the standard deviations of Cu, As, Pb, Cr, and Zn in the NMMR were 224 

552.856, 342.067, 349.385, 207.530, and 797.352 mg kg⁻¹, respectively, considerably 225 

exceeding their corresponding means. Similar but less pronounced variability was observed 226 

in the RRD (Phuong et al., 2008; Tuan Anh et al., 2026). Such large dispersion indicates that 227 

the PTE distributions were highly heterogeneous and likely strongly skewed, supporting the 228 

use of logarithmic transformation before multivariate analysis. Among the PTEs, Cr showed 229 

a statistically significant regional difference, with a substantially higher mean concentration 230 

in the NMMR than in the RRD (64.754 ± 207.530 versus 28.625 ± 34.795 mg kg⁻¹; p = 231 

0.007). In contrast, Cd, Cu, As, Pb, Zn, Ni, and Co did not differ significantly between the 232 

two regions (p > 0.05). We found that Cd approached the conventional significance threshold 233 

(p = 0.052), whereas Ni showed a weaker tendency toward regional differentiation (p = 234 

0.086). Although the NMMR generally exhibited higher mean concentrations of the 235 

investigated PTEs than the RRD, these differences were not statistically significant for most 236 

elements. For instance, the mean Pb and As concentrations in the NMMR were 237 

approximately 2.4- and 3.4-fold those in the RRD, respectively, but the corresponding p-238 

values were 0.130 and 0.237. This highlights an important distinction between differences in 239 

regional means and statistically supported regional differences (Anh et al., 2026; T. Nguyen-240 

Sy et al., 2025; Tuan Anh et al., 2026). The large within-region variability, particularly in the 241 

NMMR, likely contributed to the lack of statistical significance for several PTEs. In general, 242 

the univariate results indicate that the two regions shared broadly comparable soil chemical 243 

characteristics. At the same time, the most evident regional differences were associated with 244 

bulk density, total N, and Cr. The large variability in PTE concentrations further suggests that 245 

soil quality may be controlled by substantial local-scale heterogeneity rather than by regional 246 

differences alone. 247 

PCA and MDS selection 248 

Principal component analysis was used to reduce the dimensionality of the soil-quality 249 

dataset and to identify indicators that contribute most strongly to the major patterns of 250 

variation. Four principal components were retained based on the PCA screening procedure, 251 

including eigenvalues, the scree plot, and parallel analysis (Fig. S1). The first two 252 

components accounted for 39.4% and 20.7% of the total variance, respectively, 253 

corresponding to 60.1% of the variance explained by PC1 and PC2 together. The PCA 254 

loading matrix in Table 2 shows that the selected indicators were distributed across different 255 
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components. Cd exhibited the highest loading among the variables included in the MDS, with 256 

a loading of 0.500 on PC4. Clay had a maximum loading of 0.441 on PC3, while As and Pb 257 

had maximum loadings of 0.422 and 0.409, respectively, on PC4. Organic C and bulk density 258 

showed relatively high loadings on PC2, with values of 0.404 and -0.402, respectively. Zn 259 

had a maximum loading of 0.359 on PC1.  260 

Table 2. PCA loadings and selection of soil quality indicators for the Minimum Data Set*. 261 

 262 

Variable PC1 PC2 PC3 PC4 Max Loading MDS selected

Cd 0,23 -0,133 -0,065 0,5 0,5 Yes

Clay 0,076 0,341 0,441 -0,12 0,441 Yes

N 0,135 0,431 -0,342 0,127 0,431 No

As 0,271 -0,086 0,163 0,422 0,422 Yes

Pb 0,281 -0,137 0,136 0,409 0,409 Yes

C 0,135 0,404 -0,349 0,075 0,404 Yes

Bulk density -0,144 -0,402 0,03 0,004 0,402 Yes

Sand -0,151 -0,373 -0,396 0,072 0,396 No

pH (KCl) 0,144 -0,175 -0,36 0,036 0,36 No

Zn 0,359 -0,141 0,027 -0,032 0,359 Yes

Ni 0,358 -0,133 -0,017 -0,255 0,358 No

Cu 0,345 -0,115 0,079 -0,203 0,345 No

Co 0,336 -0,148 -0,008 -0,309 0,336 No

Cr 0,322 -0,097 0,04 -0,245 0,322 No

P₂O₅ 0,138 0,12 -0,296 0,07 0,296 No

K₂O 0,157 0,186 0,277 0,231 0,277 No

CEC 0,23 0,165 -0,238 -0,204 0,238 No

*Note: PCA excluded geographic coordinates and Silt. PTEs were log10-transformed before PCA. The 

MDS indicators and weights are based on the PCA/MDS results previously obtained.
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Fig. 3 Principal component analysis biplot showing the relationships between soil quality 263 

indicators and sampling sites in the NMMR and RRD regions. 264 

The PCA biplot provides a visual representation of these relationships (Fig. 3). The vectors 265 

representing Cd, Pb, and As point broadly in similar directions, indicating a positive 266 

association among these PTE-related variables in the multivariate structure. Zn also lies in the 267 

same general direction, although its vector is shorter. In contrast, bulk density is oriented in 268 

an opposing direction along PC2, whereas C and clay are primarily associated with the 269 

positive PC2 direction. These patterns suggest that the principal sources of variation in the 270 

soil dataset were not represented by a single soil property but by several groups of correlated 271 

characteristics (Luo et al., 2017; Toan Nguyen-Sy et al., 2025; Pei et al., 2025). The 272 

association among Cd, As, Pb, and Zn indicates that PTE-related variability is an important 273 

dimension of soil quality variation. Meanwhile, the contrasting orientation of bulk density 274 

and the positive association of C and clay with PC2 indicate that physical and organic-matter 275 

characteristics provide an additional dimension of soil condition. Based on the loading 276 

criteria and redundancy considerations, seven indicators (Pb, As, bulk density, Cd, Zn, C, and 277 

clay) were selected to form the MDS. Notably, some variables that exhibited significant 278 

regional differences were not selected. For example, N and Cr differed significantly between 279 

the NMMR and RRD, but neither was included in the MDS. Conversely, Pb, As, Cd, and Zn 280 
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were retained despite the absence of statistically significant regional differences for most of 281 

these elements. 282 

This distinction is important because MDS selection is intended to capture the principal 283 

structure of variation and reduce redundancy, rather than select variables showing significant 284 

differences between regions. This principle is consistent with previous SQI studies, in which 285 

PCA-based MDS selection was used to retain representative indicators while minimizing 286 

redundancy among correlated soil properties (Raiesi, 2017; Yang et al., 2026; Pujia Yu et al., 287 

2018). Therefore, the MDS should not be interpreted as a list of the indicators that differ most 288 

strongly between NMMR and RRD. Instead, it represents a reduced set of indicators intended 289 

to preserve the major dimensions of soil-quality information. The substantial overlap between 290 

the NMMR and RRD observations in the PCA biplot further indicates that the two regions do 291 

not form completely separated soil-quality groups. This supports the later finding that 292 

regional differences in SQI coexist with considerable within-region variability. 293 

Entropy-derived weighting of the Minimum Data Set indicators 294 

The entropy-derived weights of the seven MDS indicators are presented in Table 3. Pb 295 

received the highest weight (17.03%), followed by As (15.76%), bulk density (15.42%), Cd 296 

(15.18%), Zn (14.97%), organic C (13.58%), and clay (8.06%).  297 

Table 3. Entropy-derived weights and scoring directions of the selected Minimum Data Set 298 

indicators* 299 

The four PTE indicators (Pb, As, Cd, and Zn) collectively accounted for approximately 63% 300 

of the total SQI weighting. The remaining approximately 37% was contributed by bulk 301 

MDS indicator Raw weight Weight (%) Indicator type Scoring direction* Role in SQI

Pb 1,7266 17,03 Potentially toxic element Lower is better PTE-related soil quality

As 1,5981 15,76 Potentially toxic element Lower is better PTE-related soil quality

Bulk density 1,5632 15,42 Physical property Optimum / lower is better Soil physical condition

Cd 1,5389 15,18 Potentially toxic element Lower is better PTE-related soil quality

Zn 1,5174 14,97 Potentially toxic element Lower is better PTE-related soil quality

C 1,3765 13,58 Chemical property Higher is better Soil organic C status

Clay 0,8175 8,06 Physical property Optimum / context dependent Soil texture / retention

* Final scoring function/direction follow the exact scoring curves used in the SQI calculation. The table labels for Bulk density.  

Weight (%) = Raw weight / Σ(Raw weights) × 100. The seven MDS indicators account for 100% of the SQI weighting scheme. Clay 
presented as general interpretation rather than a replacement for the actual scoring formula.
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density, organic C, and clay. Thus, PTE-related indicators constituted the largest component 302 

of the weighting structure, while physical and organic characteristics provided 303 

complementary information on soil condition. Pb received the highest individual weight, 304 

indicating that it contributed the most discriminatory information under the entropy-based 305 

weighting procedure. Clay had the lowest weight (8.06%), suggesting that its variability 306 

contributed less information than that of the other selected indicators under the entropy 307 

framework. Entropy weighting was used to quantify the relative contribution of each 308 

indicator to information based on its variability across sampling sites (Ghosh et al., 2025; Xie 309 

et al., 2018). An entropy-derived weight reflects the information contribution and variability 310 

of an indicator within the specific dataset; it does not represent an absolute ranking of 311 

environmental toxicity or ecological importance (Abdul-Wahab et al., 2026; Guo et al., 2026; 312 

Uymaz et al., 2026). Therefore, the relatively high combined weight of PTEs indicates their 313 

importance within the statistical structure of this dataset rather than demonstrating that PTEs 314 

alone determine overall soil quality. The scoring directions also reflect the intended 315 

environmental interpretation of the selected indicators. Pb, As, Cd, and Zn were assigned a 316 

lower-is-better direction, organic C a higher-is-better direction, and bulk density and clay 317 

optimum/context-dependent responses. The combination of these scoring directions allows 318 

the SQI to integrate both potential contamination pressure and beneficial soil-quality 319 

characteristics. 320 

Soil Quality Index and regional comparison 321 

The calculated SQI differed significantly between the NMMR and RRD (Table 4; Fig. 4). 322 

The mean SQI was 0.4280 ± 0.0629 in the NMMR and 0.4633 ± 0.0537 in the RRD. The 323 

RRD therefore had a mean SQI that was 0.0353 units, or 8.25%, higher than the NMMR's.  324 

Table 4. Comparison of soil quality index values between the NMMR and RRD regions 325 
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 326 

Fig. 4 Comparison of soil quality index values between the NMMR and RRD regions. 327 

Welch's t-test confirmed that the difference between the two regional means was statistically 328 

significant (t = -5.040, df = 165.03, p < 0.001). The 95% confidence interval for the 329 

difference (RRD − NMMR) ranged from 0.0215 to 0.0491, indicating that the observed 330 

higher SQI in the RRD was unlikely to result from sampling variation alone. The Cohen's d 331 

value of 0.581 indicates a moderate standardized difference between the two regional 332 

distributions. The boxplot in Fig. 4 illustrates regional differences in SQI and reveals 333 

substantial overlap between the two distributions. The median SQI values were 0.4280 for the 334 

Statistic NMMR RRD

n 261 85

Mean ± SD 0.4280 ± 0.0629 0.4633 ± 0.0537

Median 0.4280 0.4691

Minimum 0.0739 0.3221

Maximum 0.7678 0.6394

Mean difference (RRD - NMMR) 0.0353

Percentage difference 8.25%

Cohen's d 0.581

Welch's t -5.040

df 165.03

p-value <0.001

95% CI (RRD − NMMR) 0.0215 to 0.0491
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NMMR and 0.4691 for the RRD. The NMMR exhibited a considerably wider range, from 335 

0.0739 to 0.7678, compared with 0.3221 - 0.6394 in the RRD.  336 

The wider SQI range in the NMMR indicates greater within-region heterogeneity. In 337 

particular, several NMMR observations had SQI values substantially below the regional 338 

mean, while others were considerably higher. In contrast, the RRD distribution was more 339 

concentrated around its central tendency. This pattern suggests that although the RRD had a 340 

higher average soil-quality index, regional averages alone do not capture the full spatial and 341 

local variability of soil quality. The higher SQI in the RRD may be partly consistent with its 342 

significantly lower bulk density, as bulk density was included in the MDS. However, the SQI 343 

is a composite index comprising seven indicators; therefore, the regional difference cannot be 344 

attributed to bulk density alone. Moreover, the RRD did not show significant differences for 345 

most of the other selected indicators. The observed SQI difference should therefore be 346 

interpreted as the integrated outcome of the selected indicators and their entropy-derived 347 

weights (Pujia Yu et al., 2018). An important finding is that the SQI result does not simply 348 

reproduce the results of the individual-indicator statistical comparisons. For example, Cr and 349 

total N showed significant regional differences in Table 1, but neither was included in the 350 

MDS. Conversely, Pb, As, Cd, Zn, C, and clay contributed to the SQI despite most of them 351 

showing no statistically significant regional difference. This demonstrates the value of an 352 

MDS-based SQI for integrating multiple dimensions of soil condition rather than relying 353 

solely on individual indicators or univariate significance tests, consistent with previous soil-354 

quality assessments (Mamehpour et al., 2021; Rahmanipour et al., 2014; Yeilagi et al., 2021). 355 

Spatial interpolation performance 356 

The performance of the tested spatial interpolation models is presented in Table 5. Five IDW 357 

power parameters (p = 1.0, 1.5, 2.0, 2.5, and 3.0) were evaluated separately for the NMMR 358 

and RRD, alongside Ordinary Kriging. Model selection was based primarily on the lowest 359 

RMSE obtained through cross-validation.  360 
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Table 5. Cross-validation performance of spatial interpolation methods for the Soil Quality 361 

Index. 362 

 363 

For the NMMR, IDW with p = 1.5 produced the lowest RMSE (0.05732), slightly 364 

outperforming IDW with p = 1.0 (RMSE = 0.05761) and Ordinary Kriging (RMSE = 365 

0.05942). The selected model also produced MAE = 0.04153, ME = 0.00089, and R² = 366 

0.1655. Increasing the IDW power beyond 1.5 progressively reduced model performance, 367 

with RMSE increasing to 0.06475 at p = 3.0. For the RRD, IDW with p = 1.0 yielded the 368 

lowest RMSE (0.05457), followed by Ordinary Kriging (0.05500). The selected IDW model 369 

had MAE = 0.04207 and ME = 0.00168, whereas its R² was - 0.0442. Higher IDW powers 370 

resulted in progressively larger RMSE values, reaching 0.06350 at p = 3.0.  371 

The near-zero ME values for both selected models indicate little systematic overall bias in the 372 

cross-validation predictions. However, the R² values provide an important qualification. The 373 

NMMR model achieved an R² of only 0.1655, while the RRD model produced a negative R² 374 

of - 0.0442. These values indicate that the spatial coordinates alone explained only a limited 375 

proportion of the variation in SQI, particularly in the RRD. The decline in performance as 376 

IDW power increases also suggests that assigning excessive influence to nearby observations 377 

was not advantageous for this dataset. A relatively moderate power of 1.5 performed best in 378 

the NMMR, whereas the lower power of 1.0 was optimal in the RRD. This difference 379 

indicates that the spatial structure of SQI was not identical between the two regions. 380 

Nevertheless, the relatively weak cross-validation performance suggests that the interpolated 381 

Region Method Parameter RMSE MAE ME R² Selected

NMMR IDW p = 1.0 0.05761 0.04148 0.00057 0.1568

NMMR IDW p = 1.5 0.05732 0.04153 0.00089 0.1655 Yes

NMMR IDW p = 2.0 0.05953 0.04364 0.00088 0.0997

NMMR IDW p = 2.5 0.06238 0.04568 0.00060 0.0116

NMMR IDW p = 3.0 0.06475 0.04744 0.00354 −0.0649
NMMR Ordinary Kriging - 0.05942 0.04316 −0.0012

9

0.1032

RRD IDW p = 1.0 0.05457 0.04207 0.00168 −0.0442 Yes

RRD IDW p = 1.5 0.05604 0.04280 0.00213 −0.1014
RRD IDW p = 2.0 0.05852 0.04438 0.00162 −0.2007
RRD IDW p = 2.5 0.06116 0.04585 0.00079 −0.3117
RRD IDW p = 3.0 0.06350 0.04730 0.00007 −0.4141
RRD Ordinary Kriging - 0.05500 0.04338 0.00006 −0.0606
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SQI surfaces should be interpreted with caution. The maps are more appropriately considered 382 

regional-scale representations of spatial patterns than highly accurate predictions of SQI at 383 

individual unsampled locations. Factors such as soil type, land use, agricultural management, 384 

parent material, and localized PTE inputs may introduce spatial variation that cannot be 385 

captured adequately by distance-based interpolation alone (Anh et al., 2026; Kutakimina et 386 

al., 2026; Tuan Anh et al., 2026). These results indicate that the optimal interpolation 387 

approach was region-specific, highlighting the importance of empirical cross-validation when 388 

selecting spatial interpolation methods rather than assuming that a single method or 389 

parameterization is universally optimal (Li & Heap, 2014). 390 

Spatial distribution of the Soil Quality Index 391 

The spatial distribution of SQI generated using the selected interpolation models is shown in 392 

Fig. 5. The map reveals that SQI values across both regions were predominantly within an 393 

intermediate range, but clear spatial heterogeneity was evident, particularly in the NMMR.  394 

Fig. 5 Spatial distribution of the soil quality index across the NMMR and RRD regions. 395 

The NMMR exhibited a broader spatial range of SQI, including localized areas with 396 

relatively low values of approximately 0.1 - 0.3 and areas with higher values approaching or 397 

exceeding 0.6 - 0.7. This spatial heterogeneity is consistent with the wider range of observed 398 
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SQI values reported in Table 4. In contrast, the RRD showed a comparatively narrower 399 

spatial range, with most areas characterized by SQI values around approximately 0.4 - 0.5. 400 

The spatial pattern therefore broadly agrees with the statistical comparison, which showed a 401 

higher mean SQI and a smaller overall range in the RRD. The map also demonstrates why 402 

relying solely on regional mean SQI may obscure localized areas of relatively poor soil 403 

quality. Although the NMMR had a lower mean SQI, it also contained areas with relatively 404 

high SQI. Conversely, the RRD had a higher mean SQI but did not exhibit uniformly high 405 

values across the entire region. The localized low-SQI areas in the NMMR may therefore 406 

represent priority locations for additional field investigation as reported in previous studies 407 

(Balkrishna et al., 2026; De et al., 2022; Khan et al., 2026; Soliman et al., 2026). However, 408 

given the relatively weak cross-validation performance, particularly the low R² values 409 

reported in Table 5, these areas should be interpreted as screening or prioritization zones 410 

rather than confirmed soil-quality hotspots. Independent sampling would be required to verify 411 

the spatial extent and magnitude of these low-SQI areas. The spatial patterns observed in Fig. 412 

5 may reflect differences in local soil properties, land-use history, terrain, and other 413 

environmental factors (Anh et al., 2026; Clemens et al., 2010; Tuan Anh et al., 2026). 414 

However, these factors were not explicitly incorporated into the interpolation models in the 415 

present study. Consequently, causal interpretation of individual spatial patterns should be 416 

avoided without additional explanatory data. 417 

Integrated interpretation of soil quality in the NMMR and RRD 418 

The combined results indicate that soil quality in the NMMR and RRD is characterized by a 419 

significant regional difference superimposed on substantial within-region heterogeneity. At 420 

the individual-indicator level, the NMMR had significantly higher bulk density and Cr 421 

concentrations, whereas the RRD had significantly higher total N. Most of the other 422 

measured soil properties and PTEs did not differ significantly between the two regions. PCA 423 

reduced the multidimensional dataset to a smaller set of representative indicators, yielding an 424 

MDS comprising Pb, As, bulk density, Cd, Zn, organic C, and clay. The selected indicators 425 

captured both PTE-related variability and fundamental soil physical and chemical 426 

characteristics, consistent with the rationale of MDS-based SQI approaches that aim to retain 427 

representative information while reducing redundancy among soil indicators (Raiesi, 2017; 428 

Pujia Yu et al., 2018). Entropy weighting subsequently assigned the largest individual 429 

contribution to Pb (17.03%) and the smallest to clay (8.06%). The resulting SQI was 430 
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significantly higher in the RRD than in the NMMR, with mean values of 0.4633 and 0.4280, 431 

respectively, corresponding to an 8.25% difference and a moderate effect size (Cohen's d = 432 

0.581). However, the wider range of SQI values in the NMMR demonstrates that its lower 433 

mean value does not imply uniformly poorer soil quality throughout the region.  The spatial 434 

analysis further supports this interpretation. The NMMR displayed greater spatial 435 

heterogeneity, whereas the RRD showed a relatively more homogeneous SQI pattern. 436 

Nevertheless, the relatively low cross-validation R² values indicate that the spatial structure 437 

of SQI was only weakly captured by the interpolation models, highlighting the importance of 438 

validating interpolation performance before using predicted surfaces for site-specific 439 

interpretation (Li & Heap, 2014; Xu & Zhang, 2023). Taken together, the findings suggest 440 

that the PCA - MDS entropy framework provides a useful regional-scale screening approach 441 

for integrating multiple dimensions of soil quality. The resulting SQI and spatial maps can 442 

help identify areas requiring further investigation, but they should not be interpreted as 443 

definitive assessments of site-specific soil condition without additional validation. 444 

Conclusion 445 

An integrated PCA-MDS entropy-weighting framework was applied to assess and spatially 446 

characterize soil quality in the Northern Mountainous and Midland Region (NMMR) and the 447 

Red River Delta (RRD) of northern Vietnam. Seven indicators, including Pb, As, bulk 448 

density, Cd, Zn, organic carbon, and clay, were selected as the Minimum Data Set, 449 

representing both potentially toxic element-related variability and key soil physical and 450 

chemical properties. The mean SQI was significantly higher in the RRD (0.4633 ± 0.0537) 451 

than in the NMMR (0.4280 ± 0.0629), corresponding to an 8.25% difference and a moderate 452 

effect size (Cohen’s d = 0.581). The NMMR also exhibited greater variability in SQI, 453 

indicating substantial within-region heterogeneity rather than uniformly lower soil quality. 454 

Spatial interpolation further revealed heterogeneous SQI patterns, particularly in the NMMR; 455 

however, the relatively low cross-validation performance indicates that the predicted surfaces 456 

should be interpreted primarily as regional-scale screening tools rather than precise site-457 

specific estimates. The PCA-MDS entropy framework highlights a practical approach to 458 
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integrating multiple dimensions of soil quality and identifying areas warranting further 459 

investigation and targeted soil management in northern Vietnam. 460 
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