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Abstract


Portable X-ray fluorescence (pXRF) is increasingly used as a rapid and cost-effective technique for soil analysis; however, its comparability with laboratory-based methods remains uncertain. This study aimed to evaluate the applicability of pXRF for determining the concentrations of six elements (K, Ca, Fe, Pb, Mn, and Zn) in agricultural soils classified as Albic Luvisols with a loamy sand texture. A total of 96 dried, ground soil samples from a long-term fertilization experiment were analyzed using pXRF and compared with inductively coupled plasma mass spectrometry (ICP-MS) following aqua regia digestion. Association and agreement between methods were assessed using correlation analysis, Deming regression, Lin’s concordance correlation coefficient (CCC), and Bland–Altman analysis. Substantial differences were observed between the two methods. The mean pXRF/ICP-MS ratios were approximately 25 for K, 4.0 for Ca, 1.43 for Fe, 1.41 for Mn, 1.21 for Pb, and 1.06 for Zn. The observed discrepancies are attributed to methodological factors. In particular, ICP-MS after aqua regia digestion represents pseudo-total concentrations, whereas pXRF measures total solid-phase content. Bland–Altman analysis revealed substantial systematic differences between methods. The largest biases were observed for K (−13,110 mg kg−1) and Ca (−2904 mg kg−1), indicating differences spanning several orders of magnitude. Smaller biases were found for Fe (−1179 mg kg−1), Mn (−50.0 mg kg−1), Pb (−2.37 mg kg−1), and Zn (−1.30 mg kg−1). The limits of agreement were particularly wide for K and Ca, whereas Zn exhibited the narrowest range. CCC values confirmed poor agreement for most elements (0.00049–0.36), with Zn showing the highest concordance (0.89). Overall, in the study condition, Zn demonstrated the best agreement between methods. Moreover, the results highlight that correlation-based metrics alone are insufficient for comparing methods and should be complemented by agreement-based approaches.
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1. Introduction


Major and trace elements present in soils play an important role in the functioning of terrestrial ecosystems. Their content indicates soils’ ability to provide ecosystem services and is one of the basic indicators of environmental ecological quality [1]. Soils are the primary source of mineral nutrients for crops, largely determining plant growth, yield quantity and quality, and thereby the capacity of agroecosystems to sustain human and animal nutrition [2,3]. Generally, soil serves as both a natural reservoir of elements and a medium in which contaminants originating from anthropogenic activities, including industry, agriculture, and mining, may accumulate [4,5]. Excessive accumulation of metals in soils can lead to environmental degradation and pose a potential threat to human health through their incorporation into the food chain [6,7]. Routine monitoring of soil chemical composition and nutrient status is a cornerstone of agronomic advisory systems, enabling the supply of deficient elements through fertilizers, maintaining soil fertility, and achieving high, stable yields while avoiding nutrient surpluses and associated environmental risks [8]. Research is increasingly focused on the application of XRF technology for assessing plant-available nutrient forms in soils [9]. Despite this progress, significant knowledge gaps remain, and its successful implementation still requires robust ground-truth datasets to improve and validate predictive models. Key research challenges include: evaluating the temporal stability of local models under variable fertilization regimes, expanding XRF spectral libraries to encompass a wider range of soil types, and developing advanced modelling approaches that account for matrix effects and the relationship between total and plant-available nutrient fractions [9].



Recent regional studies have additionally highlighted the importance of spatial analyses and ecological risk assessment of potentially toxic elements (PTEs) in agricultural soils. Miletić et al. [10] investigated the spatial distribution and ecological risk of PTEs in agricultural surface soils using multivariate statistical and geospatial approaches, demonstrating the usefulness of integrated monitoring strategies for identifying contamination sources and assessing environmental risk. For this reason, accurate determination of element contents in soils is a key component of agricultural and environmental studies, as well as pollution monitoring [11].



Traditionally, the determination of metals in environmental samples is carried out using high-sensitivity, high-accuracy laboratory analytical techniques, including atomic absorption spectroscopy (AAS) and inductively coupled plasma (ICP) coupled with mass spectrometry (ICP-MS), optical emission spectroscopy (ICP-OES), and atomic emission spectrometry (ICP-AES) [12,13,14]. However, these methods require prior sample preparation, most commonly acid digestion, which enables elements to be transferred into solution [15]. One of the most frequently used procedures in soil analysis is digestion with a mixture of hydrochloric and nitric acids (aqua regia), which dissolves most mineral phases containing metals, although it does not completely break down silicates. As a result, the obtained values are often referred to as so-called pseudo-total element concentrations [16,17]. Despite their high accuracy, these time-consuming methods require advanced laboratory instrumentation and involve complex sample preparation. In recent years, portable X-ray fluorescence spectrometers (pXRF) have been gaining increasing popularity in environmental research [18]. This technique enables rapid determination of the elemental composition without the need for sample preparation [19,20]. Owing to the mobility of pXRF instruments, analyses can be carried out directly in the field, thereby significantly accelerating data acquisition and reducing analytical costs [21]. This seems to be promising in the context of rapid determination of the functional properties of the soil, its ecological status, and potential threats of environmental pollution. In many environmental applications, pXRF is used as a screening method for the rapid assessment of soil contamination with trace elements [22], plant science applications [23,24], organic materials analysis [25], or for preliminary characterization of the geochemical composition of the studied area [20]. Despite its numerous advantages, the accuracy and reliability of pXRF measurements may be limited by several factors. One of the most important is matrix effects, which arise from interactions of X-rays with various mineral components present in the sample. The mineralogical composition of the soil, organic matter content, moisture, and particle-size distribution can also substantially affect the intensity of fluorescent radiation and, consequently, the accuracy of determinations [26]. Moreover, pXRF analyzes only a small volume of material from the sample’s surface layer, which, in the case of heterogeneous materials, may lead to additional variability in the results. For this reason, many studies focus on comparing pXRF results with those obtained using reference laboratory techniques, such as ICP-MS or ICP-OES. In numerous cases, a good correlation between the methods has been demonstrated for selected elements [12,27,28]. At the same time, low pXRF/Aqua Regia ICP-OES correlations were reported for Cr, K, Mg, Na, S, Si, Ti, and Al or for samples with a complex mineral matrix [29,30,31]. Although numerous studies have explored the applicability of portable X-ray fluorescence for environmental analysis, significant uncertainties remain regarding the reliability of pXRF measurements across different elements and soil matrices. Therefore, further studies are required to evaluate the agreement between these analytical methods under different environmental conditions and for a broader range of elements.



In this context, the aim of the study was to compare the applicability of portable X-ray fluorescence (pXRF) for determining selected environmentally relevant elements (K, Ca, Fe, Pb, Mn, and Zn) in soil samples, with ICP-MS after aqua regia digestion. Unlike most comparative studies conducted across heterogeneous soil types, this research is based exclusively on Albic Luvisols with a loamy sand texture, in which variability in soil chemical properties is driven by long-term, well-defined fertilization and crop rotation rather than by differences in soil genesis. This experimental design enables the isolation of analytical uncertainty by minimizing pedogenic, textural, and mineralogical variability that typically affects pXRF performance. In addition, rigorous sample pre-treatment (air-drying, sieving, and fine grinding) reduces moisture- and particle-size-related matrix effects, allowing for a more direct evaluation of methodological differences between both techniques. Moreover, in contrast to previous studies [22] that rely primarily on simple correlation analysis, this work combines multiple statistical approaches—including Deming regression, Lin’s concordance correlation coefficient (CCC) [32], and Bland–Altman analysis—to provide a more rigorous assessment of method agreement [33,34]. Such an approach allows not only the evaluation of the relationship between the two methods but also the identification of systematic biases and the estimation of the limits of agreement between measurements. Simple correlation analysis alone is insufficient for method comparison because it quantifies only the strength of association between variables and does not account for systematic bias or measurement agreement between analytical methods.



Furthermore, the results of this study contribute to a better understanding of the reliability and limitations of pXRF in soil analysis and provide important information regarding its potential use as a rapid screening tool in environmental monitoring and geochemical studies.




2. Materials and Methods


2.1. Sample Collection and Preparation


A total of 96 soil samples were collected from 96 plots of the 40-years-old experimental field station in Łyczyn (52°05′ N, 21°09′ E), belonging to the Warsaw University of Life Sciences—SGGW (Poland). The experimental field was established under a structured fertilization design involving combinations of mineral (N, P, K, Ca) fertilization and organic amendment with manure. The experiment was conducted in a four-field crop rotation system including potato, spring barley, rapeseed, and rye. Mineral fertilization was applied at constant rates of 140 kg N ha−1, 50 kg P ha−1, and 140 kg K ha−1, while liming was performed every four years at a rate of 1.6 t CaO ha−1. In selected treatments, manure was applied at 40 t ha−1 before potato and 20 t ha−1 before rapeseed cultivation. This fertilization scheme generated variability in soil pH, organic carbon, and nutrient contents across plots within the same soil type (Supplementary Table S1). The resulting range of soil chemical conditions provided a suitable dataset for evaluating the agreement between pXRF and ICP-MS measurements following aqua regia digestion. The study focused exclusively on analytical method comparison rather than assessment of fertilization effects.



The investigated soils were classified according to WRB 2022 [35] as Albic Luvisols with a loamy sand texture developed from glacial till. The 0–25 cm soil layer was characterized by a high proportion of sand fractions (83.5%), with relatively low silt (11.5%) and clay (<0.002 mm; 5.0%) contents.



Soil samples were collected using an Egner soil sampling stick and stored in polyethylene bags. At each sampling location, a composite sample was prepared by combining three subsamples collected at the vertices of a triangle with approximately 1 m spacing between points. This sampling scheme was repeated at five nearby locations, resulting in a total of 15 subsamples per composite sample. Each subsample was taken from the surface mineral horizon (Ap horizon) at a depth of 0–25 cm. After transport to the laboratory, the soil samples were air-dried at room temperature, gently disaggregated, and sieved through a 2-mm stainless-steel sieve to remove coarse fragments and plant residues. The prepared soil material was subsequently ground to a fine powder using a SPEX SamplePrep 8000 M vibratory ball mill. Particle size after milling was <75 µm. The sieving and milling equipment were cleaned between samples to minimize cross-contamination.



Finally, the homogenized samples were divided into two subsamples intended for elemental analysis using portable X-ray fluorescence spectrometry (pXRF) and inductively coupled plasma with mass spectrometry (ICP-MS). All analyses were performed in 2025.




2.2. Portable X-Ray Fluorescence Analysis


The pXRF analyses were conducted with a Thermo ScientificTM NitonTM XL3t GOLDD XRF analyzer (ThermoScientific, Waltham, MA, USA). The instrument operates on the principle of X-ray fluorescence spectroscopy, in which primary X-rays generated by an X-ray tube excite atoms in the analyzed material, resulting in the emission of characteristic secondary (fluorescent) X-rays that are detected to determine elemental composition. The radiation source is an Ag anode (50 kV voltage max., 2 W max.). The beam opening area is 50 mm2. The device was set to the “Soil” mode. Detection of the emitted fluorescence radiation was performed using a Geometrically Optimized Large Drift Detector (GOLDD). The GOLDD detector provides enhanced sensitivity and faster signal acquisition than conventional detectors, enabling rapid analysis and improved detection limits across a wide range of elements.



Measurements were made hands-free using an X-ray security capsule controlled by a computer. The air-dried, sieved, and ground soil samples were placed into XRF sample cups (25 mm in diameter), compacted with a pestle to ensure consistent packing density, and covered with a 4 μm-thick polyester film (Figure 1). The analyzer was set up for soil analysis, measuring medium, low, and high specters; for 30 s. Thus, the total scan time was 90 s per sample. Three measurements were performed for each soil sample (n = 3). The XRF device was calibrated using the standards of the Soil QC Certificate (140-00139, 2017) and the Mining QC Sheet (140-00072, 2017, ThermoScientific, Tewksbury, MA, USA). The elements considered were K, Ca, Fe, Pb, Mn, and Zn.




2.3. ICP-MS Analysis


The contents of the same elements were determined using an ICP-MS apparatus (ICP-MS 7500 Series Octopole Reactio System equipped with an ASX-500 Series ICP-MS Autosampler, Agilent Technologies, Santa Clara, CA, USA), operated with argon as the carrier gas and helium and hydrogen as reaction gases. The internal standards applied to normalize the signal in soil solutions, blank samples, and standard solutions were: scandium (Sc), yttrium (Y), and terbium (Tb) at a concentration of 2000 µg/L each. The calibration ranges for individual elements were as follows: 180–40,000 µg K/L, 100–50,000 µg Ca/L, 160–80,000 µg Fe/L, 0.4–200 µg Pb/L, 4–2000 µg Zn/L, and 80–40,000 µg Mn/L. Elements were separated by ionizing samples in a high-temperature argon plasma by their mass-to-charge ratio; masses 39 m/z, 44 m/z, 57 m/z, 208 m/z, 66 m/z, and 55 m/z were used for K, Ca, Fe, Pb, Zn, and Mn, respectively. ICP-MS apparatus operated at the plasma parameters: RF power—1600 W, RF matching: 1.68 V, Carrier gas flow: 0.9 L/min, makeup gas flow: 0.2 L/min, nebulizer pump: 0.05 rsc. Detector parameters were as follows: discriminator—8.0 mV, analog HV—1750 V, pulse HV—1310 V. The relative standard deviation (RSD) for three measurements in the collision cell was operated at >5%. Prior to analysis, soil samples (0.5 g) were digested in a mixture of hydrochloric and nitric acids (aqua regia) using a microwave digestion system (Mars Xpress, CEM Corp., Matthews, NC, USA). In each analytical series, a procedural blank and certified reference materials (CRM020—Trace Metals—Sandy Loam, CRM020—Trace Metals—Sandy Loam 11) for Fe, Pb, Mn, and Zn, and Laboratory Check Standard (LCS) for K and Ca were included for quality assurance and quality control (QA/QC) procedure. Method reputability and accuracy for individual elements were 97–109% and <5%, respectively. The detailed information on method validation parameters is in Table 1.




2.4. Statistical Analysis


To assess the agreement between pXRF and ICP-MS measurements, several statistical approaches were applied. The strength of the linear relationship between pXRF and ICP-MS measurements was evaluated using the Pearson correlation coefficient (r) and the coefficient of determination (R2). The relationship between the results obtained by the two analytical methods was evaluated using Deming regression, which is recommended for comparing analytical techniques affected by measurement errors in both variables. Unlike ordinary least squares (OLS) regression, Deming regression accounts for analytical uncertainty in both the independent and dependent variables, providing a more appropriate estimation of the relationship between two measurement methods.



The root mean square error (RMSE) was used as an absolute measure of the dispersion of residuals around the Deming regression line. RMSE was calculated as:


  R M S E   =       1   n       ∑  i = 1   n     (   y   i   −    y ^    i     )   2         



(1)




where yi are the ICP-MS values and ŷi are the corresponding values predicted from the Deming regression based on pXRF. RMSE is expressed in mg kg−1 and represents the typical magnitude of the prediction error.



The agreement between the two analytical techniques was further evaluated using Lin’s concordance correlation coefficient (CCC) [32], which simultaneously accounts for precision and accuracy relative to the line of identity.



Furthermore, Bland–Altman analysis was applied to assess systematic bias and determine the limits of agreement (LoA) between the two methods. The differences between measurements were calculated as [33,34]:


  D i f f e r e n c e   =     I C P   M S   − p X R F  



(2)







The mean difference was interpreted as measurement bias, and the 95% limits of agreement were calculated as:


Bias ± 1.96 × SD



(3)




where SD represents the standard deviation of the differences between methods.



Additionally, 95% confidence intervals (CI) for CCC, Bland–Altman bias, and LoA were estimated using bootstrap resampling (5000 iterations). The presence of proportional bias was assessed using linear regression between the measurement differences and the corresponding mean values. Heteroscedasticity was evaluated using the Spearman correlation between absolute differences and mean concentrations. Normality of differences was verified using the Shapiro–Wilk test. Statistical significance was assessed at α = 0.05.



In addition to the absolute Bland–Altman analysis, a relative Bland–Altman analysis was also performed, where the differences were expressed as percentages relative to the mean value of the two measurements.


  R e l a t i v e   d i f f e r e n c e =      I C   P   M S   − p X R F     I C   P   M S   + p X R F   2      × 100 %  



(4)







All statistical analyses and data visualizations were performed using Statistica PL 13.3 software (Tulsa, OK, USA) and the Python programming language, Python 3.12, using the NumPy, pandas, SciPy, matplotlib, and scikit-learn libraries within a Google Colab environment (https://colab.research.google.com, accessed on 10 May 2026).





3. Results


3.1. Descriptive Statistics of Element Concentrations


Table 2 summarizes the basic statistics for the concentrations of K, Ca, Fe, Zn, Pb, and Mn obtained by pXRF and ICP-MS after aqua regia digestion. For all elements, pXRF reported higher mean values than ICP-MS. The largest differences were observed for K and Ca: the mean K concentration measured by pXRF was 13,655.58, whereas ICP-MS yielded 545.32 mg kg−1; similarly, the mean Ca concentration was 3871.67 for pXRF and 967.97 mg kg−1 for ICP-MS. In contrast, for trace elements, the differences between methods were much smaller: mean Zn concentrations were 21.4 (pXRF) and 20.1 mg kg−1 (ICP-MS), mean Pb concentrations 13.85 and 11.48, and mean Mn concentrations 170.84 and 120.81 mg kg−1, respectively.



The variability of the measurements, expressed as the coefficient of variation (CV), showed some systematic differences between methods. For most elements, concentrations measured by pXRF exhibited a relatively lower CV than ICP-MS. For Zn and Pb, the CVs of the two methods were similar (19.0% vs. 19.6% for Zn; 9.7% vs. 8.9% for Pb).




3.2. Association and Agreement Between pXRF and ICP-MS


The results of the carried out analyses showed that for Fe and Ca, linear correlations between methods were moderate to strong: r = 0.58 for Fe (R2 = 0.32) and r = 0.90 for Ca (R2 = 0.82) (Table 2). K and Pb showed only weak-to-moderate linear relationships, with r values of 0.43 (R2 = 0.19) and 0.41 (R2 = 0.17), respectively. The highest correlation values were obtained for Zn (r = 0.93, R2 = 0.87) and Mn (r = 0.88, R2 = 0.78), indicating that for these elements most of the variance in ICP-MS results can be explained by the corresponding pXRF measurements.



However, correlation alone did not imply good agreement, which is reflected in the CCC values. For K, Ca, and Fe, the CCCs were very low (0.00049, 0.07, and 0.10, respectively), despite the relatively high r for Ca. This indicates substantial systematic disagreement between pXRF and ICP-MS for these elements, consistent with the large differences in mean concentrations. In other words, although Ca (and to a lesser extent Fe and K) showed some linear association between methods, pXRF results were heavily biased relative to ICP-MS and cannot be considered interchangeable without calibration.



In contrast, Zn exhibited both a very strong linear correlation and a high CCC (0.89, 95% CI: 0.81–0.94). These metrics indicated a high level of concordance between pXRF and ICP-MS for Zn, with only small random and systematic differences. For Mn, the correlation was also strong (r = 0.88), but the CCC was considerably lower (0.36, 95% CI: 0.29–0.43), indicating systematic differences between pXRF and ICP-MS.



Overall, the agreement analysis shows that pXRF performs best for Zn, with both the central tendency and variability closely matching those of ICP-MS. For Mn and Ca, pXRF measurements are strongly correlated with ICP-MS but affected by substantial systematic bias. For K, Fe, and Pb, both the strength of association and concordance are limited, implying that uncorrected pXRF readings for these elements should be interpreted with caution or adjusted using appropriate calibration models.




3.3. Deming Regression Analysis


The relationship between pXRF and ICP-MS measurements was further examined using Deming regression for all investigated elements (K, Ca, Fe, Pb, Mn, and Zn) (Figure 2). Among the studied elements, Zn showed the most favorable behavior in the Deming regression. The slope was very close to unity (0.97), and the intercept was negligible (−0.68), indicating almost proportional measurements; this pattern is consistent with the very strong linear association and high concordance previously observed for this element. In contrast, Ca and Mn exhibited substantial deviations from the line of identity despite relatively moderate-to-strong linear associations between the two analytical techniques. For Ca, the slope of 0.37 indicates a pronounced proportional difference, with pXRF systematically producing higher values than ICP-MS across the concentration range. For Mn, the slope of 0.86 indicates a weaker but still evident proportional difference between pXRF and ICP-MS. The remaining elements exhibited even less favorable regression characteristics. Despite a Deming slope for Fe numerically close to 1 (0.89), the scatter of points around the regression line remained considerable. Potassium was characterized by an almost flat regression slope (0.05), confirming the absence of any meaningful quantitative relationship between pXRF and ICP-MS within the examined concentration range and within the studied soil matrix and analytical framework. Lead, with a slope of 0.52 over a relatively narrow concentration range, likewise showed a weak and non-proportional relationship between methods.



The performance of the Deming regression model, expressed as the root mean square error (RMSE), describes the dispersion of observations around the fitted regression line and therefore reflects the precision of the model fit. RMSE values were lowest for Zn and Pb (1.42 and 0.97 mg kg−1, respectively), indicating a tight clustering of data points around the regression line, whereas substantially higher RMSE values for Fe, Ca, and K indicate greater scatter and lower precision of the model for these elements (Table 2).




3.4. Bland–Altman Analysis—Absolute and Relative Differences


Bland–Altman analysis was used to further characterize the magnitude and dispersion of differences between methods. For each element, mean difference (bias) and 95% limits of agreement (LoA) were computed on both absolute and relative scales (Figure 3 and Figure 4).



On the absolute scale, Zn showed the smallest discrepancies (Figure 3). The mean difference between ICP-MS and pXRF was −1.30 (95% CI: −1.61 to −1.04), with narrow limits of agreement ranging from −4.14 (95% CI: −5.39 to −2.89) to 1.53 (95% CI: 0.7 to 2.31), indicating only minor absolute disagreements between the methods. For Pb, the mean bias was also small (−2.37, 95% CI: −2.63 to −2.11) with a relatively narrow absolute LoA (−4.93 to 0.19), but this should be interpreted in light of the low concentration range (Table 2).



In contrast, Ca, Mn, Fe, and especially K exhibited large absolute differences. For Ca, the mean bias was −2903.7 (95% CI: −3035.3 to −2776.1), with wide limits (−4189.8 to −1617.6), and for Mn, the bias was −50.0 (95% CI: −52.9 to −46.9), with limits from −79.5 to −20.6. For Fe, the mean difference reached −1179.1 (95% CI: −1253.6 to −1103.0) (LoA −1907.4 to −450.9). The most pronounced discrepancy was observed for K, with an extreme negative bias of −13,110.3 (95% CI: −13,284.3 to −12,937.9) and very wide limits of agreement (−14,792.0 to −11,428.5), indicating substantial systematic differences between pXRF and ICP-MS. The analysis of proportional bias indicated statistically significant relationships between measurement differences and mean concentrations for K, Ca, Pb, and Mn (p < 0.05), suggesting concentration-dependent discrepancies between pXRF and ICP-MS for these elements (Table 3). In contrast, no significant proportional bias was observed for Fe and Zn. Heteroscedasticity analysis revealed non-constant variability of differences for K, Ca, Zn, Pb, and Mn (p < 0.05), indicating that the dispersion of inter-method differences changed with concentration level. No significant heteroscedasticity was detected for Fe (Table 3).



On the relative scale, the pattern of systematic differences between the two methods became even more evident (Figure 4). Zn showed only a small mean relative bias of −6.4% with relatively narrow relative LoA (from −21.9% to 9.1%), consistent with the good concordance indicated by CCC. For Pb, the mean relative bias was −18.5% (limits: −38.0% to 0.9%), indicating substantial proportional differences despite the small absolute errors.



For Ca, Mn, and Fe, the relative Bland–Altman analysis confirmed substantial biases. Ca exhibited a mean relative bias of −122.3%, with wide relative limits of agreement from −149.0% to −95.5%. Mn showed a mean relative bias of −35.1% (relative LoA −54.8% to −15.4%), and Fe a mean relative bias of −36.0% (relative LoA −58.5% to −13.5%). The most extreme case was K, with a mean relative bias of −184.7% and narrow but highly shifted relative limits (−190.0% to −179.4%), indicating a strong systematic discrepancy between methods. On the absolute scale, pXRF values were approximately 25 times higher than ICP-MS results, reflecting substantial differences in the measured fraction rather than random analytical error.



Taken together, the Bland–Altman analyses show that, pXRF exhibits substantially systematic differences compared with ICP-MS, both in absolute and relative terms. The smallest differences were observed for Zn, whereas Ca, Mn, Fe, and particularly K exhibited substantial systematic bias and dispersion, indicating limited agreement between the methods. These findings are consistent with mean pXRF/ICP-MS ratios for most elements, i.e., approximately 4.0; 1.43; 1.06; 1.21; and 1.41 for Ca, Fe, Zn, Pb and Mn, respectively (Table 2).





4. Discussion


The results indicate that pXRF measurements are systematically higher than ICP-MS values for the analyzed elements. (Table 2). Similar discrepancies between portable X-ray fluorescence and laboratory-based analytical techniques have been widely reported in studies evaluating the applicability of pXRF in environmental and soil analyses [21,36,37,38,39]. In the study conducted on Andosols (volcanic soils rich in primary minerals) [37], contamination by heavy metals, including Pb, Zn, Cu, Cd, As, and Cr, was assessed using both pXRF and aqua regia extraction followed by ICP-MS/AAS analysis. The results showed very strong correlations between the two methods (r > 0.90); however, in most cases, pXRF yielded higher concentration values than aqua regia. These differences are primarily due to fundamental differences in the analytical principles and sample preparation procedures used by the two methods. The pXRF technique provides a direct measurement of the total elemental composition of a solid sample without chemical digestion [40,41], whereas ICP-MS analysis in the present study was performed following aqua regia extraction, which targets the so-called pseudo-total fraction of elements. Since aqua regia does not completely dissolve silicate minerals, a portion of the elements bound within resistant mineral phases remains undetected in ICP-MS analysis [16,42]. According to Chen and Ma [42], aqua regia digestion failed to accurately quantify more than 20 elements in some sediments, especially K and Al, which are part of some clay mineral structures. Consequently, the potassium concentrations measured by ICP-MS may be systematically lower than those obtained using pXRF, as our results confirm (Table 2). Previous studies conducted in mining-affected soils have also reported strong correlations between pXRF and ICP–AES following HCl digestion despite differences in absolute concentrations [36]. In soils influenced by mine waste and tailings, pXRF yielded higher Cu and Pb values than ICP–AES, highlighting the need for calibration and cautious interpretation of agreement between methods. In addition to incomplete digestion, several factors intrinsic to pXRF measurements, such as matrix effects, particle size distribution, moisture content, and surface heterogeneity, are commonly reported as sources of variability [26,39,43,44]. These factors can modify both the absorption and enhancement of X-ray fluorescence signals. Marsay et al. [45], who tested iron slag heap materials in Teesside, UK, and soil samples, reported that soil organic matter content in samples had little effect on pXRF measurements. In the case of ignition, no substantial difference was seen in R2 for Pb, Sr, Cr, Mn, Ca, and Fe. According to these authors, soil moisture was identified as a much more important factor affecting pXRF signal response and measurement comparability. However, it was a nutrient-specific effect. Drying the samples did not significantly change the R2 values for As, Sr, Cr, Ni, Ti, Zn, P, K, and Mn. Nevertheless, drying did lead to a notable increase in the R2 values for Fe and Pb, rising from 0.72 to 0.80 and from 0.67 to 0.80, respectively. Unexpectedly, drying decreased the R2 value for Ca from 0.76 to 0.68. Ge et al. [46] demonstrated that soil moisture significantly affects pXRF measurements when the sample’s water content exceeds approximately 20%. Detailed investigations on the influence of soil organic matter on pXRF measurements were conducted by Ravansari and Lemke [44] using a Niton XL3t + 950 pXRF analyzer (ThermoScientific). The authors artificially increased the organic matter content of soil samples by adding cellulose, carbon, and sugar at levels ranging from 0% to 35%. Their results demonstrated progressive attenuation of the pXRF signal with increasing organic matter content, resulting in lower measured concentrations of elements such as As, Cr, Cu, Fe, Mn, Pb, Rb, Sr, Th, Ti, V, Zn, and Zr. However, in the present study, these factors were minimized through sample preparation and experimental design. All soil samples were air-dried, sieved, and finely ground prior to analysis, reducing the influence of particle size and moisture-related effects. Furthermore, all samples were classified as Albic Luvisols with a loamy sand texture, characterized by a very low content of soil organic carbon (mean 0.8%, minimum, 0.4%, maximum 1.1% (Supplementary Table S1). Therefore, the influence of matrix-related effects was likely limited, and the observed discrepancies between pXRF and ICP-MS can be attributed predominantly to metal characteristics and methodological differences rather than to sample heterogeneity, moisture, and organic carbon content.



In most studies, the comparison of methods (pXRF vs. wet chemistry) was assessed by calculating the correlation (r) or regression (r, R2, and slope) between the two procedures [25,47,48,49,50]. Radu and Diamond [27] compared the concentrations of Pb, As, Cu, and Zn, in soil samples measured using pXRF with those obtained by aqua regia digestion followed by atomic absorption spectroscopy (AAS). According to the authors, the strong correlation between the two methods confirms the usefulness of pXRF for the rapid assessment of heavy metal contamination in soils. In a study of urban garden soils in the United States, pXRF measurements of sieved soil samples were compared with ICP-OES analyses (after aqua regia digestion) [38]. Based on Pearson correlation coefficients of approximately 0.6 for Mn and Cu and 0.5 for Zn and Pb, the authors concluded that pXRF can serve as an accurate and effective tool for screening Mn, Cu, Zn, and Pb concentrations in soils. McLaren et al. [30], who, using a handheld Bruker Tracer III-V pXRF spectrometer, demonstrated that measurements for elements such as As, Ca, Cr, Cu, Fe, K, Mg, Mn, Ni, P, Pb, Si, Ti, and Zn were strongly correlated with laboratory ICP results, with correlation coefficients ranging from 0.82 to 0.98. The authors also highlighted the high applicability of pXRF in environmental studies. More examples of such studies are presented in Table 4.



However, Ravansari et al. [22] state that high coefficients of determination alone do not guarantee equality between comparative measurements. Therefore, complementary statistical approaches are necessary. In our study, high values of correlation coefficients (r) and R2 were obtained, particularly for Zn, Ca, and Mn (Table 2). Our results confirmed that analytical methods comparisons should not rely solely on the correlation coefficient. High r values may mask the presence of systematic bias and scale differences between methods. Therefore, more appropriate approaches include the Concordance Correlation Coefficient and agreement analyses such as Bland–Altman, which allow the evaluation of both the direction and magnitude of differences between pXRF and ICP-MS measurements [47]. In the present study (Table 2), this is clearly illustrated by the results for Ca and Mn, which showed a high correlation (r = 0.90; R2 = 0.82 and r = 0.88; R2 = 0.78, respectively), while the Concordance Correlation Coefficient (CCC = 0.07 and CCC = 0.36) indicated very poor agreement between the methods, highlighting substantial systematic bias and scale differences despite the strong linear relationship. Our findings are consistent with those of Schmidt et al. [29] who also demonstrated that strong correlation coefficients alone are insufficient for assessing agreement between analytical methods. In their study of 91 residential yard soil samples analyzed by portable XRF (Niton, Thermo Scientific, Waltham, MA, USA) and ICP-MS, strong positive correlations were observed for arsenic and lead (Spearman’s coefficients of 0.850 and 0.981, respectively), with high R2 values from regression analysis. However, Bland–Altman analysis revealed wide and element-dependent limits of agreement, particularly for lead, indicating that method comparability cannot be reliably assessed based on correlation metrics alone. In contrast, Poljak et al. [52] compared Cu concentrations in 35 soil samples measured by portable XRF (Vanta™ Handheld XRF Analyzer, Olympus, Waltham, MA, USA) with AAS and ICP-MS following aqua regia digestion and reported both a very strong linear relationship (R2 = 0.99) and good agreement based on Bland–Altman analysis. Together, these studies highlight that correlation alone may be misleading and that agreement-based approaches are essential for reliable method comparison. In the present study, the highest agreement between methods was observed for Zn, whereas substantially poorer agreement was observed for the other elements, particularly K (Figure 2, Figure 3 and Figure 4). This element-dependent variability reflects a combination of physicochemical and instrumental factors inherent to X-ray fluorescence analysis [53]. The relatively good agreement observed for Zn is consistent with previous findings [21,42], which indicating that pXRF provides more reliable results for elements with medium to high atomic numbers (Z > 20) [54]. Zinc (Z = 30) emits higher-energy fluorescence radiation, which is less affected by absorption processes within the sample matrix and air, thereby allowing for deeper penetration and a larger effective analytical volume. According to Ravansari, et al. [22], the maximum escape path length of Zn fluorescence in a SiO2 matrix is 632 µm. In contrast, lighter elements such as K (Z = 19) and Ca (Z = 20) emit low-energy fluorescence radiation (K (43 µm) and Ca (58 µm)) [22] that is strongly attenuated by the sample matrix and air, leading to reduced signal intensity and increased measurement uncertainty [22,31,39]. This may partially explain the lower agreement observed for these elements in our study.




5. Conclusions


This study demonstrates that high correlation between pXRF and ICP-MS does not imply good agreement, particularly in the presence of systematic and proportional biases. The application of Deming regression provided a more appropriate evaluation of the relationship between methods than ordinary least squares, as it accounts for measurement errors in both variables. This approach revealed proportional biases that would not be fully captured using standard linear regression.



In turn, Bland–Altman analysis enabled a direct assessment of agreement, quantifying systematic bias and limits of agreement. The results showed that even strongly correlated elements (e.g., Mn and Ca) may exhibit substantial bias, while for K, Fe, and Pb, both agreement and concordance were limited.



Overall, pXRF performance was strongly element-dependent. Zn showed the highest agreement with ICP-MS, whereas other elements require caution and, in most cases, calibration. However, the conclusions of this study are limited to a single soil type (Albic Luvisols), one long-term experimental field site, air-dried and finely ground soil samples, and comparison against aqua-regia-extractable ICP-MS fractions. Therefore, the results should not be generalized beyond similar methodological and environmental conditions without further validation.
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Figure 1. A portable X-ray fluorescence (pXRF) spectrometer (Niton XL3t GOLDD+, Thermo Fisher Scientific, Waltham, MA, USA) used for elemental analysis of soils (Source: Pavel Čermák). 
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Figure 2. Deming regression for all investigated elements: (a) Potassium (K); (b) Calcium (Ca); (c) Iron (Fe); (d) Zinc (Zn); (e) Lead (Pb); (f) Manganese (Mn). 
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Figure 3. Bland–Altman plot showing the absolute difference (mg kg−1) between the two analytical methods for (a) Potassium (K); (b) Calcium (Ca); (c) Iron (Fe); (d) Zinc (Zn); (e) Lead (Pb); (f) Manganese (Mn) as a function of their mean concentration (mg kg−1). The red dashed line indicates the mean difference (bias), and the green and blue dashed lines indicate the upper and lower limits of agreement (LoA), respectively. 
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Figure 4. Bland–Altman plot showing the relative difference (%) between the two analytical methods for (a) Potassium (K); (b) Calcium (Ca); (c) Iron (Fe); (d) Zinc (Zn); (e) Lead (Pb); (f) Manganese (Mn) as a function of their mean concentration (mg kg−1). The red dashed line indicates the mean relative difference (bias), and the green and blue dashed lines indicate the upper and lower limits of agreement (LoA), respectively. 
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Table 1. Parameters describing the applied analytical procedure.
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Parameter

	
Element




	
K

	
Ca

	
Fe

	
Zn

	
Pb

	
Mn






	
Range in the standard (mg kg−1)

	
20,400 ± 600

	
25,600 ± 846

	
192,000 ± 4870

	
3010 ± 22.3

	
5110 ± 50.8

	
945 ± 7.43




	
Average accuracy (%)

	
100

	
102

	
102.7

	
97

	
109

	
103.2




	
Average repeatability (%)

	
4.05

	
3.62

	
4.97

	
4.13

	
2.88

	
3.38




	
LOD (mg kg−1)

	
3.7

	
4.49

	
1.12

	
0.23

	
0.029

	
0.050




	
LOQ (mg kg−1)

	
8.8

	
10

	
2.7

	
0.6

	
0.08

	
0.14




	
Average content in blanks (µg L−1)

	
35

	
50

	
6

	
5

	
0.2

	
8











 





Table 2. Summary statistics and method-agreement parameters for pXRF and ICP-MS determinations of selected elements in soil.
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Statistics

	
K

	
Ca

	
Fe

	
Zn

	
Pb

	
Mn




	
pXRF

	
ICP-MS

	
pXRF

	
ICP-MS

	
pXRF

	
ICP-MS

	
pXRF

	
ICP-MS

	
pXRF

	
ICP-MS

	
pXRF

	
ICP-MS






	
Mean (mg kg−1)

	
13,655.58

	
545.32

	
3871.67

	
967.97

	
3870.58

	
2699.83

	
21.40

	
20.10

	
13.85

	
11.48

	
170.84

	
120.81




	
SD

	
904.13

	
109.83

	
997.90

	
399.79

	
413.70

	
385.83

	
4.06

	
3.95

	
1.35

	
1.02

	
31.95

	
28.04




	
Median

	
13,666.31

	
530.53

	
3689.24

	
864.75

	
3891.26

	
2643.99

	
21.00

	
19.48

	
14.07

	
11.37

	
167.68

	
117.59




	
Min.

	
11,906.57

	
310.63

	
2120.53

	
351.36

	
3010.65

	
1984.65

	
13.24

	
10.99

	
10.41

	
9.91

	
93.03

	
58.25




	
Max.

	
15,693.11

	
782.77

	
8442.51

	
2472.59

	
4970.47

	
3796.96

	
30.98

	
29.16

	
16.92

	
14.63

	
263.93

	
190.06




	
CV (%)

	
6.62

	
20.14

	
25.77

	
41.30

	
10.69

	
14.29

	
18.97

	
19.65

	
9.73

	
8.86

	
18.70

	
23.21




	
pXRF and ICP_MS Association and Agreement Metrics




	
r

	
0.43 *

	
0.90 *

	
0.58 *

	
0.93 *

	
0.41 *

	
0.88 *




	
R2

	
0.19

	
0.82

	
0.32

	
0.87

	
0.17

	
0.78




	
RMSE

	
98.60

	
171.12

	
351.05

	
1.42

	
0.97

	
13.49




	
CCC

	
0.00049

	
0.07

	
0.10

	
0.89

	
0.13

	
0.36




	
CCC_CI_lower

	
0.00028

	
0.05

	
0.06

	
0.81

	
0.07

	
0.29




	
CCC_CI_upper

	
0.00070

	
0.10

	
0.14

	
0.94

	
0.20

	
0.43








SD—standard deviation, Min—minimum, Max.—maximum, CV (%)—Coefficient of variation, r—the Pearson correlation coefficient (r), R2—the coefficient of determination, RMSE—the root mean square error, CCC—Lin’s concordance correlation coefficient, CCC_CI_lower and CCC_CI_upper—lower and upper bounds of the 95% confidence interval for CCC, * significant at p < 0.05.













 





Table 3. Bland–Altman parameters with confidence intervals and statistical tests.
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	Agreement Uncertainty and Diagnostic Tests
	K
	Ca
	Fe
	Zn
	Pb
	Mn





	Mean CI_lower
	−13,284.34
	−3035.33
	−125,365
	−1.61
	−2.63
	−52.92



	Mean CI_upper
	−12,937.87
	−2776.07
	−1101.98
	−1.04
	−2.11
	−46.91



	Upper LoA CI lower
	−11,716.01
	−1872.12
	−603.21
	0.70
	−0.28
	−26.86



	Upper LoA CI upper
	−11,166.53
	−1374.71
	−309.97
	2.31
	0.64
	−15.05



	Lower LoA CI lower
	−15,046.18
	−4590.30
	−1998.95
	−5.39
	−5.26
	−83.50



	Lower LoA CI upper
	−14,507.94
	−3810.89
	−1801.80
	−2.89
	−4.54
	−74.84



	Proportional_bias
	0.00
	0.00
	0.47
	0.46
	0.00
	0.01



	Heteroscedasticity
	0.00
	0.00
	0.38
	0.03
	0.00
	0.00







Mean CI lower/upper—95% confidence interval for mean bias; Upper LoA CI lower/upper and Lower LoA CI lower/upper—95% confidence intervals for the upper and lower limits of agreement, respectively; Proportional_bias—p-value for proportional bias test; Heteroscedasticity—p-value for heteroscedasticity test. Statistical significance was assessed at α = 0.05.













 





Table 4. Overview of selected studies on pXRF performance in soils, including comparison conditions (CRM, ICP).
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	PXRF Instrument
	Matrix/Soil Information
	Elements
	R2 Range
	PXRF Application
	Comparison Against
	Digestion Type
	Reference





	Olympus Delta Premium
	NIST 2586, 2587, 2709a, 2710a, 2711a, 1944, NRC BCSS-1, PACS-2, MESS-2, RM 8704 CR
	Ti, Cr, Mn, Fe, Ni, Cu, Zn,

As, Sr, Cd, Pb
	0.87

to ≥0.99
	Ex-Situ
	CRM
	-
	[22]



	Niton XLt 792WY
	Unspecified—48 CRMs
	As, Ca, Cd, Cr, Cu, Fe, K,

Mn, Ni, Pb, Rb, Sr, Ti, V, Zn
	0.74

to ≥0.99
	Ex-Situ
	CRM
	-
	[22]



	Olympus Delta Premium
	Various soils from Queensland and New South Wales, Australia
	Ti, Cr, Mn, Fe, Ni, Cu, Zn,

As, Sr, Cd, Pb
	0.52

to ≥0.99
	Ex-Situ
	ICP-OES
	HNO3 + HClO4 + HF (Complete)
	[22]



	Niton XLt 960
	Cambisol, China
	As, Pb, Cu, Zn
	0.68 to 0.93
	Ex-Situ
	ICP-MS
	HNO3 + HClO4 + HF (Complete)
	[22]



	Omega Xpress
	Texture varied from clay to loam Baton Rouge, Louisiana US
	As, Co, Cu, Fe, Mn, Pb, Zn
	0.35 to 0.96
	In-Situ
	ICP-OES
	aqua regia (Incomplete)
	[22]



	Niton XL-722
	Erren River Basin, Taiwan
	Pb, Zn, Ni, Cu, Cr, Cd
	0.08 to 0.73
	In-Situ
	ICP-OES
	aqua regia (Incomplete)
	[22]



	Innov-X DELTA handheld XRF analyzer, Olympus
	
	Cu, Pb
	0.9
	In-Site (after sieving to <2 mm)
	ICP–AES
	0.1 N of

HCl solution
	[36]



	NitonTM XL3t Gold
	Fluvisol
	In-Situ

Pb, Zn, As, Mn, Cu

Ex-Situ

Pb, Zn, As, Mn, Cu
	0.96, 0.92, 0.72, 0.63, 0.31

0.99, 0.88, 0.98, 0.89, 0.89
	In-Situ

and Ex-Situ
	ICP-OES
	aqua regia (Incomplete)
	[50]



	Olympus Innov-X

X-5000
	Soil samples under the impact of copper smelter
	Ti, Fe, Mn, Co, V, Pb, Zn, Cu, Cr, Mo, Sr, As
	0.39, 0.76, 0.87, 0.45, 0.13, 0.96, 0.95, 0.98, 0.7, 0.38, 0.09, 0.97
	Ex-Situ
	ICP-ES/ICP-MS
	aqua regia (Incomplete)
	[51]
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