[bookmark: _Hlk205549073][bookmark: _Hlk201132152][bookmark: _Hlk215325984]Correlation of Pedotransfer Function Residuals with Input Variables and the Effect of Database Similarity on Predictive Performance
Wenhao Shi1,2, Yonggen Zhang1,2*, Lutz Weihermüller2, Attila Nemes3,4, Marcel G. Schaap5, and Harry Vereecken2
1 Institute of Surface-Earth System Science, School of Earth System Science, Tianjin University, Tianjin, China
2 Agrosphere Institute IBG-3, Forschungszentrum Jülich GmbH, Jülich, Germany
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Key findings:
· Evaluated PTF performance using 51,900 soils and a representative PTF model
· Adding new inputs to PTFs reduces residual correlations and improves performance
· [bookmark: _Hlk205492605]Higher residual-input correlations are associated with inferior PTF performance
· Stronger similarity between developed and applied datasets enhances PTF performance
· More PTF inputs reduce sensitivity to dataset similarity and improve robustness

[bookmark: _Hlk198411777][bookmark: _Hlk205491658]Abstract
[bookmark: _Hlk216078130][bookmark: _Hlk216078005][bookmark: _Hlk216076322][bookmark: _Hlk216076676][bookmark: _Hlk216076849][bookmark: _Hlk216077109][bookmark: _Hlk216078728]Pedotransfer functions (PTFs) are widely used as an efficient alternative for estimating soil hydraulic properties. However, insufficient understanding of how specific input data characteristics drive PTF prediction performance, coupled with challenges in assessing PTF transferability beyond their development datasets, limit their robustness and broad application. Here, we employed the hierarchical Rosetta3 as the development dataset and evaluated its PTF performance using two independent application datasets (National Cooperative Soil Survey (NCSS) and HYBRAS-V2), comprising over 51,900 samples. To further investigate the effect of the input similarity on PTF performance, the Chamfer Distance (CD) was used to quantify the similarity between the development and application datasets. The extensive NCSS database allowed us to stratify the application dataset by soil temperature regimes, texture classes, and depths for a detailed performance evaluation. Results showed that incorporating additional inputs (e.g., bulk density, field capacity, and wilting point) moderately reduces the correlations between these newly added inputs and the estimation residuals, and that higher residual-input correlations are associated with inferior PTF performance. Furthermore, a lower CD (better resemblance of development and application dataset) leads to better PTF performance. However, increasing input complexity using the hierarchical Rosetta3 models mitigates this effect of resemblance, enhancing robustness across diverse soil and environmental conditions. These findings highlight the importance of analyzing residual-input correlations and suggest that quantifying input-data similarity between PTF development and application datasets can serve as a practical approach to assess the transferability of PTFs.
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[bookmark: _Hlk198288133]1 Introduction
[bookmark: _Hlk201131982][bookmark: _Hlk201132188][bookmark: _Hlk201133756][bookmark: _Hlk199517427][bookmark: _Hlk201134546][bookmark: _Hlk215146499][bookmark: _Hlk201133565][bookmark: _Hlk199339249][bookmark: _Hlk199339258]Soil water content is a critical driver of the hydrological cycle, agricultural productivity, and ecosystem functioning, as it governs the exchange of mass, energy, and terrestrial biogeochemical processes between the land surface and the atmospheric boundary layer (Vereecken et al., 2016; Fatichi et al., 2020; Dong et al., 2022). Accurate simulation of these interconnected processes is essential for reliable quantification of surface runoff, soil-vegetation-atmosphere transfer fluxes, groundwater recharge, terrestrial carbon sequestration, and surface energy balances (Arora, 2002; Mathias et al., 2017; Bigeard et al., 2019). Soil hydraulic properties (SHPs) are crucial for predicting the soil water movement and soil water availability. These properties, encompassing soil water retention and hydraulic conductivity, are often described by widely used soil water retention models such as the Brooks-Corey (Brooks and Corey, 1964), van Genuchten (van Genuchten, 1980), Kosugi (Kosugi, 1996, 1994), and hydraulic conductivity functions such as Mualem (1976). These models provide mathematical frameworks to describe how soil holds water and how water moves through it under different soil water contents. Unfortunately, these properties exhibit strong spatial variability, influenced by intrinsic soil characteristics such as soil texture, organic carbon content, bulk density, but also by environmental factors as well as human-induced soil management (e.g., tillage, irrigation, and land use change) that impact soil formation (Liu et al., 2023; Labaz et al., 2024; Blanka-Végi et al., 2025). The direct measurement of SHPs, however, is usually time-consuming, labor-intensive, and challenged by spatial heterogeneity and limited measurement infrastructure availability (Cornelis et al., 2001). To overcome these challenges, pedotransfer functions (PTFs) have been developed and proven to be an efficient approach for indirectly estimating SHPs (Bouma, 1989; Van Looy et al., 2017; Weber et al., 2024).
[bookmark: _Hlk199517431][bookmark: _Hlk199339271]As predictive models, PTFs estimate soil hydraulic properties using empirical relationships derived from readily available or easily measured soil properties, such as soil texture, bulk density, organic carbon content, and other relevant information (Wang et al., 2012; Tóth et al., 2015; Zhang and Schaap, 2017). The efficiency and practicality of PTFs enable their use as cost-effective tools in hydrological applications, serving as essential components in large scale hydrological, land surface, and global climate models (Dai et al., 2013; Levi et al., 2015).
[bookmark: _Hlk215146784][bookmark: _Hlk201137878]Driven by the growing demands for enhanced model performance and robustness, the development of PTFs has primarily progressed along two lines, i.e., the expansion of predictors and the advancement of modeling approaches (Vereecken et al., 2010). In the past decades, PTFs have expanded from relying on basic soil properties as predictors (Cosby et al., 1984; Carsel and Parrish, 1988) to incorporate additional chemical and morphological properties, soil structural characteristics such as mean weight diameter, and water retention properties such as water content measured at field capacity or wilting point (Schaap et al., 2001; Zhang and Schaap, 2017; Gupta et al., 2021; Basset et al., 2023). However, the selection of predictors varies across different PTFs and the relationship between specific predictors and the predictive performance of PTFs remains insufficiently explored, which constrains a systematic understanding of which predictors most effectively enhance the model performance, and therefore, reducing corresponding uncertainties in the prediction.
[bookmark: _Hlk205494593][bookmark: _Hlk205499045]Fuentes-Guevara et al. (2022) highlighted, that PTF performance is controlled by the correlation structure of input and output variables. This conclusion is based on the analysis of correlation patterns between the inputs used for PTF development and application, as evidenced by their evaluation of PTFs from temperate, subtropical, and tropical climates applied to 100 soil samples collected in a subtropical climate in southern Brazil. Their findings suggested that correlation structures between datasets, rather than geographical or pedoclimatic similarity, are critical for accurate SHP estimation by PTFs, offering insights for applying PTFs to diverse soil textures and depths.
[bookmark: _Hlk201141016]In terms of modeling approaches, the PTFs have evolved from simple look-up tables and linear regression (Rawls et al., 2003; Gunarathna et al., 2019; Ramos et al., 2023) to advanced machine learning algorithms, including neural network, support vector machine, and random forest approaches (Lamorski et al., 2008; Twarakavi et al., 2009; Sedaghat et al., 2022). Such methodological and technological advancements have improved the predictive performance of PTFs, enhancing their robustness and applicability in diverse environmental conditions. Nevertheless, these improvements are not solely driven by advanced techniques used in the PTF development but also still largely depend on the selection of appropriate predictors, as the quality and relevance of input variables strongly influence PTF prediction accuracy (Li et al., 2024).
[bookmark: _Hlk199339299][bookmark: _Hlk199517439][bookmark: _Hlk201140969][bookmark: _Hlk201141085]Despite substantial improvements in the predictive performance of PTFs through continued development and updates, many studies highlighted that the applicability of PTFs remains constrained by the distribution of data used in PTF development (Bayabil et al., 2019; Kotlar et al., 2019). This limitation results from the inherent spatial variability of soil properties, which restricts our ability to generalize PTFs across diverse regions and soil types. In order to improve the performance of estimating SHPs, numerous studies have been devoted to developing new PTFs adapted to specific regions and soil types (Wösten et al., 1999; Lamorski et al., 2008; Wang et al., 2012; Gunarathna et al., 2019). While the number of published PTFs keeps increasing, the selection of the most suitable PTF(s) and corresponding predictors to estimate SHPs still presents a challenge for users, especially in cases where region-specific PTFs are lacking (Loosvelt et al., 2011).
[bookmark: _Hlk215845798][bookmark: _Hlk215845712]To address this challenge, users typically adopt two main approaches for selecting PTFs: (1) select those with higher predictive performance, or (2) compare general characteristics such as geomorphic location, soil description (e.g., land use, soil type), and summary statistics in the development dataset with those of the application dataset to identify the most appropriate PTFs (Miti et al., 2023). Nevertheless, both approaches have notable limitations. Predictive performance of PTFs is typically evaluated during PTF development and may not generalize well to the applied regions, especially if no reference data are available in those regions. Similarly, comparing general characteristics relies heavily on subjective judgment and lacks quantitative criteria to assess dataset similarity. Therefore, to assess the transferability of PTFs across different regions, alternative strategies are needed to determine whether a published PTF can be applied outside its development domains.
[bookmark: _Hlk201142374][bookmark: _Hlk215309644][bookmark: _Hlk215846171][bookmark: _Hlk215309594][bookmark: _Hlk201142554][bookmark: _Hlk215846398]One such strategy involves using distance metrics to quantify the similarity between the development dataset (analogous to the calibration dataset) and the application datasets, as proposed by Nemes et al. (2006), who applied the metrics within a k-nearest neighbor (k-NN) method to identify soils most similar to the application datasets. Apparently, the effectiveness of such method strongly depends on the ability of selection of the ‘most similar’ (nearest) soils. Tranter et al. (2009) proposed a protocol for delineating the applicability domain of PTFs by computing the similarity between the applied soils and the calibration dataset using standard distance metrics, particularly standardized Euclidean and Mahalanobis distances. Unlike k-NN, which searches for local analogues, this method defines a global threshold to identify whether a new sample falls within the domain of validity of a PTF. However, while this protocol provides a cutoff value (e.g., the 97.5% percentile of the cumulative χ² distribution) to identify samples falling outside the applicability domain of a PTF, it does not indicate how prediction performance varies with increasing dissimilarity from the calibration dataset. A more rigorous approach might be to use distance metrics to provide approximate indications of PTF performance, thereby allowing users to make decisions regarding which PTFs to adopt.
[bookmark: _Hlk201142949][bookmark: _Hlk199339324]Despite the fact that numerous studies have explored the performance of PTFs for estimating soil hydraulic properties, most of these efforts typically rely on datasets confined to specific regions (Wang et al., 2012; Gunarathna et al., 2019; Miti et al., 2023). Large-scale datasets encompassing diverse climate regions, soil textures, and soil depths have unfortunately rarely been employed to assess PTF generalizability. Moreover, existing work rarely examines how dataset similarity influences PTF performance across heterogeneous soil datasets. In response to these gaps, we present a comprehensive evaluation of PTF performance, using the National Cooperative Soil Survey (NCSS) dataset (National Cooperative Soil Survey, 2017) comprising over 48,600 samples and also the Hydrophysical database for Brazilian soil (HYBRAS) Version 2 dataset with over 3,200 samples, amounting to more than 51,900 samples overall. These datasets enable us to investigate the impact of correlation structures and dataset similarity on the predictive performance for soils of different pedoclimate regions, textural classes, and depths, enhancing the knowledge of the applicability of PTFs in diverse soil environments.
[bookmark: _Hlk215326276][bookmark: _Hlk215311464][bookmark: _Hlk215430319]In this study, we aim to: (a) evaluate how the predictive performance of PTFs is affected by the correlations between PTF residuals and input variables, based on two large and independent soil datasets (NCSS and HYBRAS-V2); (b) assess the impact of dataset similarity, measured by Chamfer Distance (CD), on the predictive performance of PTFs based on the PTF development dataset (e.g., Rosetta3) and these two applied large and independent soil datasets; and (c) evaluate how the inclusion of additional input variables in hierarchical Rosetta3 PTF models modulates the effect of dataset similarity on predictive performance across diverse soil textural and environmental (e.g., temperature and depth) conditions.

2 Materials and Methods 
2.1 Soil water retention function and PTFs
2.1.1 van Genuchten model (VG model)
The soil water retention curve (SWRC) was described using the van Genuchten (van Genuchten, 1980) model:

																    (1)
[bookmark: _Hlk215311733]where θ is volumetric soil water content (cm3 cm-3) at pressure head h (cm), θr and θs are the residual and saturated water contents (cm3 cm-3), respectively, α (cm-1) and n (dimensionless) are shape parameters, whereby m is related to n by m = 1-1/n.
2.1.2 Dataset for PTF Development: Rosetta3 dataset
Rosetta3 (Zhang and Schaap, 2017), a well-trained artificial neural network-based set of PTFs, uses a hierarchical approach that allows users to estimate soil hydraulic parameters of the VG model. Built on the same dataset as Rosetta (Schaap et al., 2001), the development database of Rosetta3 contains 2,134 soil samples for water retention with a total of 20,574 retention points from three widely used databases of Rawls et al. (1982), Ahuja et al. (1989), and UNSODA (Leij et al., 1996; Nemes et al., 2001).
Table 1. Five hierarchical PTF models of the Rosetta3. Soil texture classification is based on the United States Department of Agriculture (USDA) system. Field capacity and wilting point are defined in terms of volumetric water content.
	Model
	Input variables

	H1w
	Soil texture class

	H2w
	Percentages of sand, silt and clay

	H3w
	Percentages of sand, silt and clay, bulk density

	H4w
	Percentages of sand, silt and clay, bulk density, field capacity

	H5w
	Percentages of sand, silt and clay, bulk density, field capacity, wilting point


[bookmark: _Hlk216018455]These hierarchical set of Rosetta3 PTFs employ bootstrap resampling and recalibration with weighted statistics to improve the predictive accuracy of soil hydraulic parameters, and have been demonstrated to reliably estimate the VG parameters and their associated uncertainties (Hu et al., 2022; Li et al., 2023; Shao et al., 2023). To provide broad applicability across diverse input dataset, Rosetta3 includes five hierarchical models (H1w to H5w) with flexibility towards available input data. The first model (H1w) is a class PTF, consisting of a look-up table that provides parameter averages for each of the 12 USDA soil textural classes. All other models (H2w to H5w) are based on textural information (sand, silt, clay percentage) as inputs, whereby higher hierarchical numbers also need additional inputs such as bulk density, water content at field capacity or wilting point. An overview of inputs is listed in Table 1. We note that Rosetta3 does not utilize soil organic carbon (OC) as an input despite its significance in many other PTFs. This exclusion is largely attributed to the correlation between OC and bulk density, which allows bulk density to serve as a proxy in the Rosetta3 framework (Zhang and Schaap, 2019). Consequently, OC was not included as a separate input in our analysis. In this study, Rosetta3 was applied through the “ROSETTA()” function in the “soilDB” package (version 2.7.7) within R (version 4.1.0).
2.2 Datasets for PTF Evaluation
In this study, the NCSS database (National Cooperative Soil Survey, 2017) and the unpublished HYBRAS-V2 database were used as independent application datasets for performance evaluation and similarity analysis between the development and application datasets.
The NCSS soil characterization database, maintained by the USDA-NRCS, is a source of soil data that has been widely used to independently evaluate PTFs (Ramcharan et al., 2017; Dai et al., 2019; Zhang et al., 2020). After data quality analysis by Zhang et al. (2020), 49,855 soil samples with a total of 118,599 water retention points were used, with water contents measured at h of -60, -100, -330, -1,000, -2,000, or -15,000 cm. Here, it has to be mentioned, that the NCSS database contains a dominant proportion of water content measurements at h = -330 cm (41.6%) and h = -15,000 cm (41.4%), approximating field capacity (hereafter denoted as FC) and permanent wilting point (hereafter denoted as WP), respectively. Only a small fraction of water content measurements took place at the other pressure heads (0.9%, 5.3%, 0.3%, and 10.4% at h = -60, -100, -1,000, and -2,000 cm, respectively). However, the large number of measurements at FC and WP makes it suitable to be used as input for the H4w and H5w PTFs in Rosetta3. The NCSS database covers mainly the continental United States (87.7% of data) but also other regions of the globe (12.3% of data).
The HYBRAS-V2 database is an updated version of the published HYBRAS database (Ottoni et al., 2018, 2019) and compiles information on the physical and hydraulic properties of numerous tropical or subtropical Brazilian soils, sourced from over 60 scientific studies. The database contains 8,546 samples with a total of 38,943 water retention points. The wide diversity of pedogenesis and soil formation factors in Brazil and the coverage of those in the database provide possibilities to analyze the results across different regions (Totola et al., 2023).
[bookmark: _Hlk215407739]To meet the input requirements of Rosetta3, the selected soil samples had to satisfy specific criteria. These include the availability of soil texture information (mass percentages of sand, silt, and clay), bulk density (BD), and water content at FC and WP, all of which serve as input for the PTFs. In addition, soil water content measured across a wide range of pressure heads (0 to -15000 cm) was required for PTF evaluation. Following these criteria, 48,629 and 3,294 soil samples were selected from the NCSS and HYBRAS-V2 databases, respectively, yielding a total of 51,923 samples.
[bookmark: _Hlk215326022][bookmark: _Hlk205497638]2.3 Sub-grouping of the NCSS Database
[bookmark: _Hlk215329275][bookmark: _Hlk205497831][bookmark: _Hlk215326012][bookmark: _Hlk205497848]Given the large size of the NCSS database (48,629 soil samples) and considering the impact of dataset similarity on PTF performance across diverse soil and environmental conditions, the NCSS dataset was subdivided into smaller data pools to allow for detailed evaluation of the similarity between the Rosetta development dataset and application datasets for different temperature regimes, soil textural classes, and soil depths. Therefore, the following criteria were used as grouping factors: i) USDA-defined soil temperature regimes (USDA-NRCS, 1993) based on mean annual soil temperatures, ii) USDA soil texture classes, and iii) depth intervals in 10 cm increments. Only subsets with a sufficient number of soil samples were retained to allow a statistically meaningful analysis, with the number of soil samples in each subset detailed in Figure 1.
[image: ]
Figure 1. Numbers and percentages of soil samples in NCSS subsets classified by temperature regime (green), USDA textural class (blue), and depth interval (red). Some subsets of temperature regimes were excluded due to insufficient sample sizes for statistically meaningful analysis.
Among these grouping criteria, soil depth is particularly important for characterizing the vertical heterogeneity of the dataset. To visualize this, Figure 2 illustrates the distribution of soil texture and bulk density at 10 cm intervals. The results show a typical pattern where, on average, clay content increases and sand/silt decrease in the upper 50 cm, but stabilizes at greater depths (Figures 2a-c), while bulk density exhibits a progressive upward trend throughout the profile (Figure 2d). These depth-dependent distributions reflect characteristic soil pedogenic processes, such as clay translocation from surface horizons and increased compaction associated with reduced biological activity in deeper layers (Phillips, 2007; Lu et al., 2019).
[image: ]
Figure 2. Scatter plots of all data used in the NCSS dataset; red represents high data density, blue low density. The white circles connected by the black line represent the mean values of each basic soil property calculated at 10 cm depth intervals. (a) Sand content, (b) Silt content, (c) Clay content, and (d) Bulk density.
[bookmark: _Hlk215330565]2.4 Statistical Evaluation
[bookmark: _Hlk215330006]A correlation analysis was performed between the input variables and the residuals, which were defined as the differences between the estimated water contents obtained from the Rosetta3 PTF at given pressure heads and the corresponding measured values in the application datasets (i.e., NCSS and HYBRAS-V2). The residuals were calculated as:

											    (2)
[bookmark: _Hlk206272517]where  is the measured soil water contents, and  is the estimated soil water contents at given pressure head h.
[bookmark: _Hlk215331304]The performance metrics of each model in the Rosetta3 PTF (H1w to H5w) were quantified using the adjusted coefficient of determination (R2adj) and the root mean square error (RMSE). R2adj is defined as:


 with 							     (3)


where N is the number of measured () and estimated () soil water contents at given pressure head h, k is the number of predictors for each model in Rosetta3 PTF, and  is the average of .
RMSE is defined as:

														     (4)
Mean error (ME) is used to quantify the systematic errors between the measurements and estimations as:

																     (5)
[bookmark: _Hlk215332100]2.5 Chamfer Distance for Dataset Similarity Assessment
[bookmark: _Hlk215332203][bookmark: _Hlk215332211][bookmark: _Hlk215332123][bookmark: _Hlk215332112][bookmark: _Hlk215332756][bookmark: _Hlk215436178]In order to quantify the similarity between the development (Rosetta3) and application (subsets of NCSS) datasets in multidimensional variable spaces, the Chamfer Distance (CD) (Fan et al., 2017) was calculated, which is a symmetric nearest neighbor method used to measure the difference between data points from the development and application datasets.
[bookmark: _Hlk215332556][bookmark: _Hlk215332599]The CD has been widely applied because of its efficient computation and flexible applicability for point sets with different point numbers (Wu et al., 2021; Huang et al., 2024). Compared to other nearest neighbor methods, CD approximates the Euclidean distances using integer-weighted assignments, offering both computational efficiency and sensitivity to structural differences between datasets. These properties make it suitable for evaluating the similarity between large datasets. Additionally, CD is a powerful tool for comparing distributions of multi-dimensional data without requiring pointwise correspondence. Moreover, CD can be effectively applied to either the original high-dimensional soil property space or data transformed by dimensionality reduction techniques (e.g., principal component analysis or t-SNE), allowing flexible analysis while maintaining a clear interpretation of similarity as a geometric distance (Dommaraju et al., 2023). The CD is defined as:

[bookmark: _Hlk209456978]									    (6)
[bookmark: _Hlk205499416][bookmark: _Hlk215332954]where A and B denote the development and application dataset, respectively, a and b represent individual data points respectively in the A and B datasets, and “|| ||” describes the Euclidean distance (a squared distance) between two data points. It should be noted that the CD assumes equal weighting for all input variables, which may not fully capture their relative importance. However, quantifying precise variable weights is challenging. Therefore, in this study we implemented equal weighting to ensure a balanced contribution from all variables, which is a justifiable compromise that helps maintain consistency in the analysis. A detailed description of the CD calculation procedure is illustrated in Text S1 in the Supporting Information.
As our dataset consists of different soil properties (sand, silt, and clay content, bulk density, and water content at FC and WP), the procedure described has to be performed in multiple dimensions (for each property individually). As the properties in the multidimensional soil property space have different units, the data were standardized by Eq. (7) to remove differences in units.

																		    (7)
where x denotes the original value, μ represents the mean of the variable, σ is the standard deviation, and xscaled is the standardized value with zero mean and unit variance. While standardization removes the effects of differing units and scales, the subsequent use of Euclidean distance in CD implicitly treats variables as independent and equally weighted, which may not fully reflect their unequal importance or correlations. To assess the potential impact of these assumptions, we additionally applied the Mahalanobis distance, which accounts for variable correlations among inputs. Details and results are provided in the Supporting Information (Text S2 and Figure S1).

3 Results and Discussion
3.1 General Dataset Statistics and Properties
The distribution of the selected soil samples from the Rosetta3, NCSS, and HYBRAS-V2 datasets in the USDA soil textural triangle is shown in Figure 3. As can be seen, in the Rosetta3 and HYBRAS-V2 datasets (Figures 3a and 3c), the distribution of soil samples in the different textural classes does not span over all texture classes. In the Rosetta3 dataset, sandy loam (22.5%), silty loam (15.5%), and sand (14.3%) are the main soil textural classes, accounting for more than 50% of the samples. In contrast, clay is the predominant soil textural class (56.3%) in the HYBRAS-V2 dataset, followed by sandy clay loam (12.3%), loam (6.5%), and sandy clay (6.4%). In comparison, the distribution of the NCSS samples covers all textural classes, with a predominance of data in the sandy loam (18.1%), silty loam (17.4%), and loam (14.7%) classes.
[image: ]
Figure 3. Textural distribution of soil samples in three datasets (Rosetta3, NCSS, and HYBRAS-V2) in the USDA soil textural triangle. Legend indicates the number of soil samples.
[bookmark: _Hlk215345918][bookmark: _Hlk215346146][bookmark: _Hlk206273157][bookmark: _Hlk204461819][bookmark: _Hlk215346000][bookmark: _Hlk215346160][bookmark: _Hlk215346187]The distribution of the basic soil properties (texture, bulk density, water content at FC and WP) across the development dataset (Rosetta3) and the two application datasets (NCSS, and HYBRAS-V2) are shown in Figure 4. In general, samples in the Rosetta3 dataset have higher sand and lower clay content than the samples in the other two datasets. In Rosetta3, sand content accounts for more than 40% for most samples. In contrast, clay content shows a substantial difference between Rosetta3 and HYBRAS-V2 with much higher clay contents for the Brazilian soils, whereas the difference between Rosetta3 and NCSS is relatively small with slightly larger clay contents in the NCSS dataset, shown in Figure 4. In contrast, the three datasets show relatively minor differences in silt content and exhibit a similar distribution of bulk densities. For both water content at FC and WP, Rosetta3 showed somewhat lower values compared to the NCSS and HYBRAS-V2 datasets. In the Supporting Information, Table S1 provides descriptive statistics (mean and standard deviation) and Welch’s t-test results (t statistic, degrees of freedom, and p-value) for the comparison of the application datasets (NCSS and HYBRAS-V2) with the development dataset (Rosetta3 dataset).
[image: ]
[bookmark: _Hlk206273096]Figure 4. Distributions of soil properties (sand, silt, clay, bulk density, water content at field capacity (FC) and wilting point (WP)) for the soil samples of (a) Rosetta3 (blue) and NCSS (orange), and (b) Rosetta3 (blue) and HYBRAS-V2 (green) datasets. The box plots display the descriptive statistics (quartiles and outliers), with the black horizontal line indicating the median, while the adjacent colored violin plots represent the kernel density to visualize the shape of the data distribution. The red lines indicate the mean values of each property. For visualization purposes, bulk density (BD), water content at FC and WP were scaled by factors of 50, 100, and 200, respectively.
[bookmark: _Hlk215346489]To analyze the variability in soil characteristics between the three datasets, the relationship among the basic soil properties (soil texture, bulk density, water content at FC and WP) was analyzed. Table 2 shows the correlation structure of the basic soil properties for the three datasets, whereby the datasets exhibited slight differences in the correlations among the soil properties. Not surprisingly, some correlation patterns are similar; for example, sand content is typically negatively related with silt and clay content, as also shown by Fuentes-Guevara et al. (2022). In addition, sand content has also a (negative) relationship with water content at both FC and WP, while those are positively correlated with silt and clay contents. This is because larger sand particles form wider pores that drain water more readily under weaker capillary forces, leading to lower water retention; conversely, finer silt and clay particles create narrower pores with stronger capillary retention, resulting in higher water content at these points. The observed consistency indicates, that internal correlations among the datasets are similar, thereby supporting the validity of subsequent comparisons among these three datasets.
Table 2. Correlation matrix (Pearson Correlation (r)) between soil properties in the Rosetta3, NCSS, and HYBRAS-V2 datasets. BD = bulk density, FC = field capacity, and WP = wilting point.
	
	SAND
(%)
	SILT
(%)
	CLAY
(%)
	BD
(g cm-3)
	Water content 
at FC 
(cm3 cm-3)
	Water content 
at WP 
(cm3 cm-3)

	Rosetta3

	SAND (%)
	1
	-0.89
	-0.66
	0.37
	-0.76
	-0.53

	SILT (%)
	
	1
	0.25
	-0.45
	0.61
	0.24

	CLAY (%)
	
	
	1
	-0.04
	0.61
	0.73

	BD (g cm-3)
	
	
	
	1
	-0.50
	-0.15

	Water content at FC (cm3 cm-3)
	
	
	
	
	1
	0.70

	Water content at WP (cm3 cm-3)
	
	
	
	
	
	1

	NCSS

	SAND (%)
	1
	-0.76
	-0.67
	0.28
	-0.71
	-0.66

	SILT (%)
	
	1
	0.02
	-0.19
	0.39
	0.12

	CLAY (%)
	
	
	1
	-0.21
	0.64
	0.88

	BD (g cm-3)
	
	
	
	1
	-0.51
	-0.25

	Water content at FC (cm3 cm-3)
	
	
	
	
	1
	0.74

	Water content at WP (cm3 cm-3)
	
	
	
	
	
	1

	HYBRAS-V2

	SAND (%)
	1
	-0.55
	-0.80
	0.49
	-0.74
	-0.76

	SILT (%)
	
	1
	-0.06
	0.00
	0.46
	0.46

	CLAY (%)
	
	
	1
	-0.59
	0.56
	0.58

	BD (g cm-3)
	
	
	
	1
	-0.50
	-0.43

	Water content at FC (cm3 cm-3)
	
	
	
	
	1
	0.94

	Water content at WP (cm3 cm-3)
	
	
	
	
	
	1


[bookmark: _Hlk206424051][bookmark: _Hlk215412866]3.2 Pearson’s Correlation (r) of PTF Residuals with Input Variables
[bookmark: _Hlk215411358][bookmark: _Hlk215410862][bookmark: _Hlk215350695][bookmark: _Hlk215869182]To assess how the variations in basic soil properties from the NCSS and HYBRAS-V2 datasets influence Rosetta3’s predictions of water content at given pressure heads, a correlation analysis was conducted between the input variables and the estimation residuals. By examining these correlations, we can evaluate how effectively the PTF has incorporated information from each input variable into its predictions. A high correlation between residuals and an input variable indicates that the PTF has not fully captured that influence of the variable, meaning there is still useful information in the variable that could be utilized to reduce prediction errors. It is noted that correlation does not imply causation. Reduction in correlation between an input and residuals should not be regarded as mechanistic evidence that the PTF better utilizes a given predictor. Instead, such correlations are primarily diagnostic. A reduction in correlation may also simply result from the fact that adding input variables (such as FC) constrains the shape of the soil water retention curve.
[bookmark: _Hlk206349767][bookmark: _Hlk206349634][bookmark: _Hlk215411655]To perform the analysis, the following steps were applied: First, the basic soil properties of the two different datasets (NCSS or HYBRAS-V2) were selected and fed into the five Rosetta3 PTFs (H1w to H5w). Second, the estimated soil hydraulic parameters (VG parameters) from the PTFs were used to estimate the soil water contents at the given pressure heads corresponding to the water content/pressure head pairs measured in the two datasets. Third, the residuals between the PTF-estimated soil water contents at given pressure heads and the measured water contents at the same pressure heads from the datasets were calculated. Finally, the Pearson correlation coefficient (r) between these residuals and the corresponding basic soil properties used as inputs for the PTF was calculated. The calculated correlation coefficient was then used to evaluate the extent to which these predictors (e.g., textural class in H1w, textural percentage in H2w, and additionally including BD in H3w) contribute to improving the overall PTF performance (expressed as RMSE and ME). Additionally, the potential contribution of individual predictors to the overall performance and its improvement were analyzed from the listed correlation coefficients. In general, a lower r between an input variable and the residuals indicates that the input has been effectively utilized by the PTF and contributes to improving predictive performance. Since each hierarchical PTF model has different predictors, to capture the overall correlation, we additionally included in the table the sum of the absolute correlation coefficients (sum(|r|)) between the estimation residuals and all input variables.
As shown in Table 3, the correlation analysis revealed that the inclusion of additional input variables can moderately reduce the correlation between the newly added input variables and the PTF estimated residuals. For instance, moving from H2w to H3w, the addition of bulk density as a new input variable to the PTF led to a notable decrease in the correlation between bulk density and estimation residuals in both datasets (from -0.32 to -0.24 for NCSS and from -0.17 to -0.13 for HYBRAS-V2). In addition, the inclusion of the water content at WP reduced the correlation between WP and estimation residuals from 0.08 to 0 in NCSS, and from 0.18 to 0.14 in HYBRAS-V2 when using H5w compared to the employment of H4w. Adding water content at FC as an input in H4w also resulted in a decrease in the correlation from 0.26 to 0.04 for NCSS, but with a minimal increase from 0.09 to 0.11 for HYBRAS-V2.
As the correlation coefficient does not include information regarding the accuracy of the PTF performance (how well the measured water contents were reproduced by the PTFs), the root mean squared error (RMSE) and mean error (ME) between estimated and measured water contents at given pressure heads were calculated and listed in Table 3. Given that ME reflects systematic bias and can be affected by offset between opposing bias, RMSE provides a clearer indication of the overall prediction performance. As can be seen, the RMSE generally decreases if more predictors are used in the PTFs. For example, for the NCSS dataset, the RMSE decreased from 0.070 cm3 cm-3 when using only texture class as input (H1w) to 0.027 cm3 cm-3 when using all predictors (H5w). The same holds for HYBRAS-V2, decreasing from 0.088 cm3 cm-3 for H1w to 0.040 cm3 cm-3 for H5w PTF. Compared with the PTFs from H1w to H3w, in which the predictors evolve from soil texture types to textural percentages and then to the inclusion of bulk density, adding water content at FC as an additional predictor for H4w leads to a substantial improvement in PTF performance (RMSE from 0.060 to 0.034 cm3 cm-3 for NCSS and from 0.080 to 0.048 cm3 cm-3 for HYBRAS-V2). This may be attributed to the fact that the inclusion of measured water content as an additional input provides direct and effective constraints on the shape of the SWRC, thereby resulting in estimated water contents that more closely match the measured values and enhancing model performance. However, when WP is included in H5w, the improvement in RMSE is not as dramatic, as compared to including FC in H4w relative to H3w for both the NCSS and HYBRAS-V2 datasets, with RMSE values decreasing from 0.034 to 0.027 cm3 cm-3 for NCSS and from 0.048 to 0.040 cm3 cm-3 for HYBRAS-V2. This may be due to the strong correlation between FC and WP (>0.7; see Table 2) which implies that, WP adds marginally new information beyond FC, resulting in only limited improvement in PTF performance. In addition, the higher water content values at FC compared to WP, combined with the typically denser distribution of measured soil water retention points near FC relative to WP in the water retention curve, may make FC more informative for constraining the wet range, contributing to its greater impact on RMSE reduction.
[bookmark: _Hlk215407951][bookmark: _Hlk206059220][bookmark: _Hlk206059255]Table 3. Pearson Correlations (r) between residuals of estimated and measured soil water contents for all measured pressure heads reported in the NCSS or HYBRAS-V2 dataset and corresponding input variables for Rosetta3 H1w-H5w PTFs. BD = bulk density, FC = water content at field capacity, and WP = water content at wilting point. Texture is expressed in %, BD in g cm-3, and FC and WP in cm3 cm-3. The numbers in bold indicate the correlations for the additional input variables that differentiate each higher-order Rosetta3 PTF model from the previous PTF.
	Model
	Input Variables
	SAND
	SILT
	CLAY
	BD
	FC
	WP
	sum(|r|)
	ME
	RMSE

	NCSS dataset (N = 48629)

	H1w
	Soil texture class
	-0.04
	-0.07
	0.14
	-0.31
	0.37
	0.28
	1.22
	-0.024
	0.070

	H2w
	Sand, silt and clay
	-0.01
	-0.07
	0.10
	-0.32
	0.36
	0.26
	1.13
	-0.021
	0.065

	H3w
	Sand, silt and clay; BD
	-0.02
	-0.03
	0.07
	-0.24
	0.26
	0.21
	0.84
	-0.019
	0.060

	H4w
	Sand, silt and clay; BD; FC
	0.03
	-0.05
	0.01
	-0.08
	0.04
	0.08
	0.28
	-0.004
	0.034

	H5w
	Sand, silt and clay; BD, FC, WP
	0.12
	-0.14
	-0.03
	-0.06
	-0.05
	0.00
	0.39
	-0.004
	0.027

	Correlation between sum(|r|) and RMSE
	0.96

	HYBRAS-V2 dataset (N = 3294)

	H1w
	Soil texture class
	-0.15
	0.04
	0.15
	-0.20
	0.23
	0.21
	0.97
	-0.002
	0.088

	H2w
	Sand, silt and clay
	-0.11
	0.06
	0.09
	-0.17
	0.16
	0.15
	0.73
	0.001
	0.080

	H3w
	Sand, silt and clay; BD
	-0.13
	0.05
	0.12
	-0.13
	0.09
	0.13
	0.66
	0.013
	0.080

	H4w
	Sand, silt and clay; BD; FC
	-0.12
	0.08
	0.09
	-0.16
	0.11
	0.18
	0.74
	-0.027
	0.048

	H5w
	Sand, silt and clay; BD, FC, WP
	-0.07
	-0.02
	0.10
	-0.13
	0.08
	0.14
	0.54
	-0.020
	0.040

	Correlation between sum(|r|) and RMSE
	0.67


[bookmark: _Hlk215407977][bookmark: _Hlk215407358][bookmark: _Hlk215412716]Finally, the correlation between the sum(|r|) and RMSE is also calculated, which reflects the intrinsic relationship between the overall correlation of input variables and the predictive performance of the PTFs. Strong positive correlation coefficients (r) were observed for both datasets in Table 3, with values of 0.96 for NCSS and 0.67 for HYBRAS-V2. Additional analyses along the soil water retention curve were carried out for different pressure head ranges and are presented in the Supporting Information (Table S2). Overall, consistent relationships between RMSE and sum|r| were observed across most pressure ranges. Fuentes-Guevara et al. (2022) also observed that when relatively high correlations exist between estimation residuals and input variables, PTFs tend to produce lower PTF performance in terms of higher RMSE values, with their studies relying on subtropical soils with 100 samples. The relatively high correlations between the residuals and input variables in their work again suggest that these input variables may not be effectively utilized by the PTFs. Our work relying on a substantially higher number of samples (48,629 and 3,294 soil samples for the NCSS and HYBRAS-V2 databases, respectively) further strengthens that, the predictive performance of PTFs can be informed by the correlations between PTF estimation residuals and input variables. This larger-scale validation extends the findings of Fuentes-Guevara et al. (2022) beyond subtropical soils, demonstrating that residual-input correlations serve as a robust diagnostic metric across diverse pedoclimatic regions and dataset sizes. By quantifying how well PTFs utilize input information, such analyses can guide the optimization of predictor selection during PTF development, prioritizing uncorrelated or weakly correlated variables to minimize residual dependencies and enhance PTF performance. Moreover, these correlations offer a practical tool for end-users to evaluate the suitability of existing PTFs for new application datasets, potentially reducing PTF prediction uncertainties. Future PTF studies could benefit from incorporating residual-input correlation assessments and report them alongside performance metrics to improve transparency and facilitate broader transferability.
[bookmark: _Hlk215412821]3.3 Similarity analysis between the PTF development dataset and application dataset
[bookmark: _Hlk215413356]While the previous section examined the correlations between PTF residuals and input variables to assess how effectively the PTF models utilize input information within a given dataset, this section shifts focus to the correlations among input variables across different datasets. Specifically, we investigate how similarities (or dissimilarities) in the distribution of input variables between the PTF development dataset (Rosetta3) and application datasets (NCSS subsets) influence overall prediction accuracy, as such distributional differences can degrade PTF performance when PTFs are transferred to new domains. McBratney et al. (2002) similarly emphasized that applying PTFs outside their original development domain is often associated with significant errors. These predictive errors mainly result from distributional differences in soil properties between the PTF development and application datasets, highlighting the necessity to evaluate and validate published PTFs prior to their broader application.
[image: ]
[bookmark: _Hlk206059136][bookmark: _Hlk215415357]Figure 5. Chamfer Distance (CD) vs. RMSE between PTF estimated and measured soil water contents for reported pressure heads, taken from the NCSS dataset. (a) Temperature regimes with six subsets from frigid to isohyperthermic, (b) 12 USDA soil texture classes, and (c) 20 soil depths were used to subdivide the NCSS dataset. Points in different shapes indicate different Rosetta3 PTFs (H2w: circle, H3w: square, H4w: diamond, H5w: triangle), and filling colors in the points indicate the different subsets. Fitted curves with different colors (H2w: red, H3w: green, H4w: blue, H5w: purple) are shown for different PTFs with regression equation and corresponding R²adj.
[bookmark: _Hlk205542149]To address this challenge, we assess whether the differences between the PTF development dataset (here Rosetta3) and the application dataset (here the NCSS) contribute to the PTFs performance by analyzing data similarity. To enable a detailed evaluation of dataset similarity and its impact on PTF performance across diverse pedoclimatic and environmental conditions, we subdivided the NCSS dataset into subsets based on soil temperature regime, USDA soil texture classes, and soil depth. For the soil temperature regimes, six classes were identified from frigid to isohyperthermic. For the soil texture, the dataset was divided into 12 USDA textural classes, and for soil depth, increments of 10 cm depth were used up to 200 cm, allowing classification into 20 classes. For each class, the Chamfer Distance (CD) was calculated, which provides information on the dataset similarity, whereby higher CD values indicate larger dataset dissimilarity. The CD is plotted against the RMSE between estimated and measured water contents for the reported pressure heads in the NCSS dataset. The results for the temperature regimes, soil textural classes, and soil depths are shown in Figure 5, whereby different PTFs (H2w to H5w) were applied. To provide further evidence to the robustness of our results, a dataset similarity analysis using the Mahalanobis distance, which accounts for variable correlations, was also performed, which showed comparable trends between the two analyses (see Text S2 and Figure S1 in the Supporting Information).
For the different temperature regimes, a positive CD-RMSE correlation (indicated by a positive slope of the regression line for each Rosetta3 PTF model) can be observed in Figure 5a, with the slopes decreasing from 0.292 for the H2w PTF to 0.010 for the H5w PTF. For an individual PTF, such as H2w (circle dots and red fitted line), higher CD values (indicating lower dataset similarity) are associated with higher RMSE, reflecting inferior PTF performance when applied to datasets with larger differences relative to the input of the Rosetta development dataset. In particular, isothermic (cyan color) and isohyperthermic (pink color) soils, predominant in lowland tropical regimes, exhibit higher RMSE values across all Rosetta3 PTFs (H2w to H5w) compared to mesic (yellow color) and thermic (green color) regimes, as also shown in Figure 6a. On the other hand, mesic and thermic soils showed lower RMSE values (e.g., ~0.057-0.058 and ~0.024-0.027 cm3 cm-3 for H2w and H5w PTFs) compared to isothermic and isohyperthermic soils (e.g., ~0.097-0.126 and ~0.029-0.032 cm3 cm-3 for H2w and H5w PTFs), highlighting better performance of Rosetta3 for temperate climates. This reflects the data on which Rosetta3 has been calibrated, as the data are predominantly from soil samples originating from temperate regimes (Zhang and Schaap, 2017), which might limit its performance for tropical isothermic and isohyperthermic soils. Moreover, such differences might not be solely due to differences in the datasets that are reflected in CD, but can also be a result from the underrepresentation of specific textural classes in the development dataset relative to the application dataset. For example, under the isothermic and isohyperthermic temperature regimes, clay is the dominant soil texture class (accounting for 30.6% and 42.2% of the samples in the NCSS dataset, respectively), whereas the clay texture class is only represented by 4.3% (52 samples) in the Rosetta3 dataset. This underrepresentation likely reduces the similarity between the datasets and contributes to the inferior performances of Rosetta3 on isothermic and isohyperthermic soils.
[image: ]
Figure 6. Root mean square error (RMSE) for NCSS subsets across (a) soil temperature regimes, (b) USDA soil texture classes, (c) soil depths, with points colored by Rosetta3 models (H2w: red, H3w: green, H4w: blue, H5w: purple).
[bookmark: _Hlk215428968][bookmark: _Hlk215871890]Figure 5b illustrates the relationship between CD and RMSE for 12 USDA soil textural classes. Again, a positive CD-RMSE correlation can be observed, with the slopes of the regression lines for each Rosetta3 PTF model decreasing from 0.088 (H2w) to 0.016 (H5w). As shown in Figure 6b, soils with high sand (e.g., sand, loamy sand, and sandy loam in USDA soil texture classes) or clay content, exhibit higher RMSE values compared to medium-textured soils (e.g., silty loam, silty clay loam, sandy clay loam, loam, and clay loam, in USDA soil texture classes). For clay, as discussed previously, its underrepresentation in the Rosetta3 dataset may contribute to inferior predictive performance compared to other soil texture classes. With respect to sand, while it is well represented in the Rosetta3 dataset, the low proportion of sand samples (2.7%, 885 samples) in the NCSS dataset also indicates the mismatch between the development and application datasets. For subsets representing different soil depths, Figure 5c also illustrates a positive CD-RMSE correlation, with the slopes of the regression lines for each Rosetta3 PTF model decreasing from 0.143 (H2w) to 0.024 (H5w). In general, subsurface layers (e.g., deeper than 70 cm) exhibit higher RMSE values (e.g., ~0.067-0.072 cm3 cm-3 for H2w, ~0.026-0.035 cm3 cm-3 for H5w, see Figure 6c) compared to surface layers (e.g., 0-70 cm) (e.g., ~0.057-0.066 cm3 cm-3 for H2w, ~0.024-0.027 cm3 cm-3 for H5w). This disparity might be attributed to the greater representation of surface layer samples in the Rosetta3 development dataset, which enhances predictive performance for these soils. In the NCSS dataset, we found that sand and silt contents decrease with increasing depth, while clay content and bulk density increase (see Figure 2). As shown in Figure 3a, sand content is overrepresented in the Rosetta3 dataset. Consequently, these vertical variations in basic soil properties indicate that deeper soil layers have lower sand and higher clay contents, which are underrepresented in Rosetta3, leading to inferior predictive performance.
[bookmark: _Hlk205544387][bookmark: _Hlk205544811][bookmark: _Hlk205548531][bookmark: _Hlk205544440]Increasing the complexity of Rosetta3 from H2w (inputs: sand, silt, clay percentages) to H3w (including bulk density), H4w (adding water contents at FC), and H5w (integrating water contents at WP) progressively reduces the slope of the fitted CD vs. RMSE lines across diverse soil temperature, soil textural classes, and soil depth conditions, as shown in Figure 5. A higher positive slope in the CD-RMSE relationship indicates that RMSE increases more rapidly with decreasing dataset similarity (i.e., higher CD values), reflecting greater sensitivity to dataset dissimilarity in simpler models such as H2w; however, the flatter slopes in H5w suggest diminished dependence on similarity. This indicates that feeding more input variables into the PTFs mitigates the impact of dataset dissimilarity on the prediction accuracy in terms of RMSE values. For example, incorporating additional inputs such as bulk density or measured water contents at FC or WP reduces such sensitivity, which offers a strategy towards improving performance and eventually building trust in the performance of PTFs over large geographical areas and across climatic regions.
[bookmark: _Hlk215433286]The linear regression equations provided in Figure 5 show the relationship between CD and RMSE values for each Rosetta3 PTF. This CD-RMSE relationship enables end-users to estimate the approximate predictive performance of a PTF by simply calculating the CD value between the development dataset and their own application dataset. With more inputs used (e.g., the H4w and H5w models in this study), the relationship between CD and RMSE diminishes. It is important to recognize that the CD metric is constrained by the specific variables included in its input space. If the application dataset possesses significant drivers (such as high OC) that are not present in the PTF’s input variables, the CD may reflect an apparent similarity that fails to account for their hidden effects. Nevertheless, the inclusion of bulk density and water retention points (e.g., FC and WP) in PTF models likely provides an indirect proxy for such effects of OC. This implicit information potentially explains the observed robustness of the H4w and H5w models, even when OC was not an input.
[bookmark: _Hlk206446663][bookmark: _Hlk206446699][bookmark: _Hlk206446709][bookmark: _Hlk206446906][bookmark: _Hlk206446718][bookmark: _Hlk215433303]Reflecting this implicit robustness, the results in Figure 5 show that for more complex models (e.g., H4w and H5w), the RMSE values remain consistently low across all soil temperature regimes, soil textures and soil depth ranges, which supports the wider applicability of such PTFs. As the CD-RMSE relationship weakens (i.e., flatter slopes) in more complex models, the overall predictive performance improves, as indicated by lower RMSE values. Compared to the traditional approaches that select PTFs primarily based on the similar soil types or environmental conditions between development and application datasets, this approach enables a more quantitative and transparent assessment of potential PTF applicability and therefore, offers valuable guidance for PTF selection. Based on this insight, we recommend that authors of new PTFs should also report their training data and summary statistics, enabling end-users to calculate CD values and assess the likely performance of the developed PTF for their data.

4 Summary and Conclusions
[bookmark: _Hlk206447609]This study evaluated the factors influencing the predictive performance and transferability of pedotransfer functions (PTFs), employing the hierarchical Rosetta3 as a representative development model, tested against two independent large application datasets (i.e., NCSS and HYBRAS-V2). We investigated how correlations between PTF input variables and residuals (calculated as the differences between measured and estimated soil water content) affect the performance of PTFs. Furthermore, we assessed how the similarity (or dissimilarity) in the distribution of input variables between the Rosetta3 development dataset and these application datasets influences the predictive accuracy of PTFs. The work leads to the following major conclusions:
[bookmark: _Hlk215436348][bookmark: _Hlk215436462][bookmark: _Hlk215436515][bookmark: _Hlk215434617]First, incorporating additional input variables, such as bulk density and water contents at field capacity and wilting point, into PTF models (as demonstrated with Rosetta3) moderately reduces the correlations between these newly added variables and the estimation residuals. This reduction leads to improved predictive performance, as evidenced by decreasing RMSE values across both the NCSS and HYBRAS-V2 datasets. The sum of absolute residual-input correlations showed a strong positive correlation with RMSE (with r = 0.96 for NCSS dataset and 0.67 for HYBRAS-V2 dataset), indicating that higher residual-input correlations are associated with inferior PTF performance. This highlights the critical role of residual-input correlation structures in PTF performance and underscores their values as a valuable diagnostic tool for optimizing predictor selection during PTF development.
[bookmark: _Hlk215434814][bookmark: _Hlk216079963][bookmark: _Hlk215434831][bookmark: _Hlk206447803]Second, the similarity between the development and application datasets, quantified by Chamfer Distance (CD), strongly influences PTF prediction performance, although this influence diminishes for PTFs with complex input variables. A positive CD-RMSE relationship was observed across NCSS subsets classified by temperature regimes, soil textural classes, and soil depths; lower dataset similarity (higher CD) was consistently associated with higher RMSE values for the prediction of water contents. For example, tropical soils, or deeper soil layers generally exhibited poorer predictive performance, reflecting the challenge of applying temperate-trained PTFs, such as Rosetta3, to dissimilar datasets. These results highlight the importance of considering dataset similarity when applying PTFs to regions with contrasting soil properties.
[bookmark: _Hlk206448735]Third, increasing input complexity within hierarchical PTF models (exemplified by Rosetta3 H1w to H5w), mitigates the impact of dataset dissimilarity. Incorporating additional inputs, e.g., from H2w (sand, silt, clay percentages) to H3w (including additional bulk density), H4w (integrating water contents at FC), and H5w (adding water contents at WP), progressively reduces the sensitivity of PTF predictions to dataset dissimilarity. This is evidenced by a decreasing slope in the CD-RMSE relationship across all soil characteristics. Consequently, the value of CD as an indicator of RMSE diminishes with increasing input complexity. Such enhanced input complexity improves the robustness of PTFs, particularly for applications to large and diverse datasets, such as NCSS and HYBRAS-V2.
[bookmark: _Hlk206448748][bookmark: _Hlk215435408][bookmark: _Hlk215435370][bookmark: _Hlk215435390]In conclusion, this study highlights the importance of addressing both residual-input correlations and input-input dataset similarity to improve PTF performance across heterogeneous soil environments. The findings suggest that PTF development should leverage diverse, representative datasets, particularly to reduce biases in underrepresented soils such as those in tropical regions. Future research should focus on refining input selection strategies to enhance prediction performance and generalizability across diverse soil properties.
[bookmark: _Hlk216080359]In addition, we suggest that papers on newly developed PTFs should also report the input data used for training. This would enable users to run data diagnostics, calculate residual-input correlations and data similarity, and roughly estimate the RMSE of the PTF based on the CD-RMSE relationship derived in this study across soil characteristics. This is particularly relevant for simpler models with fewer inputs, as the CD-RMSE relationship is most pronounced in those cases, and diminishes with increasing input complexity.
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