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Abstract. Methods for soil test phosphorus (STP) differ globally and even within countries. While soil P tests often correlate, 

the relationship is often specific to a region or study, making any conversion equation difficult to transfer between contexts. 20 

Agronomic recommendations, P transport models, syntheses, and other works lack a strong basis for converting between STP. 

We fulfil this need for converting between two common STP measurements – Olsen P and Mehlich-3 P – through models 

which account explicitly for soil properties. Hypothesizing that soil properties at the sample level govern how STP values 

relate, we built models using a combined dataset of ca. 900 soils across the conterminous US and Canada, spanning 10 soil 

orders (USDA), 3 to 89% clay, and pH 4 to 9. Model complexity ranged from conventional ‘region-level’ regressions (no soil 25 

data) to models adapting to many facets of soil P chemistry, presenting users several viable options suitable for their data 

context. Depending on data availability, the user could convert between Olsen P and Mehlich-3 P with half the error or less of 

conventional ‘region-level’ regressions. This reduction in conversion error impacts agronomic recommendations, 

environmental risk assessments (e.g., P index), and calibration of P transport models (e.g., SWAT+). While it remains best to 

simply measure the STP of interest, the conversion models here should prove useful in many contexts where that is not feasible. 30 

We provide the models in ready-to-use formats, depending on the covariates available to the user and whether the user wants 

to apply the equations in a spreadsheet or within model code. 
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1 Introduction 

Testing soils for likely crop response to phosphorus (P) fertilizer is more than a century old (e.g., Dyer, 1894). In that time, a 

multitude of tests for soil P (STP) have been proposed, ranging from extractions of minutes to hours, acid to alkaline solution 35 

pH, buffered vs. unbuffered, presence of chelators, and more. Each STP method may have been developed for a particular 

region, soil type, or crop type, which was reflected in the design of the operational methods. These contrasting STP methods 

create persistent difficulties in agronomic recommendations and research, such as in comparing crop fertility responses or in 

guiding P management strategies across regions. For example, coordinating nutrient management plans is key for several trans-

boundary catchments – e.g., the Lake Erie basin (Macrae et al., 2021), the Chesapeake Bay watershed (Kleinman et al., 2019), 40 

and Baltic Sea basin (HELCOM, 2021) – but made more difficult since these areas employ three or more different STP methods 

(Eriksson et al., 2013; Jordan-Meille et al., 2012; Lyons et al., 2023). Additionally, STP values are increasingly used outside 

the agronomic contexts for which they were developed to model the risk or quantity of P transport from agricultural fields to 

aquatic environments. These empirical models parameterize P transport as a function of one particular STP, meaning that soils 

measured using a different STP method are often excluded.  45 

Naturally, researchers and commercial laboratories have derived equations to convert between STPs. One increasingly 

widespread use of STP conversions is in soil testing. In the US, for example, a common scenario is the use of commercial labs 

outside the region, where the resulting soil report may give an STP (e.g., Mehlich-3 P; Mehlich, 1984) not conforming to the 

local fertilizer recommendations, thus necessitating conversion to the appropriate STP (e.g., Olsen P; Olsen et al., 1954). A 

similar trend seems to apply for other regions, such as in Europe (Mattila and Rajala, 2022). Steinfurth et al. (2021) reviewed 50 

many of these conversion equations for eight common STP methods with an emphasis on converting to Olsen P. The 

conversion equations took the form of a (usually linear) regression of one STP on another and varied considerably between 

studies. In their review, the authors highlight the limitations of conversion factors in general as well as the importance of 

matching the conversion equation to the soil in question to avoid serious conversion error. That is, for a study soil, one should 

avoid applying a conversion equation derived from a region with too dissimilar soils, such as from contrasting soil orders. The 55 

consequences of conversion errors are easy to imagine: over- or under-applying P fertilizer to a cropping system, extreme 

over- or under-estimation of P losses, and syntheses muddied by datasets using different STP. 

Each of the region-level regressions reviewed by Steinfurth et al. (2021) and those used elsewhere suffer from similar faults. 

Often, soil properties at the sample level were not included in the conversions, thus overlooking substantial variance within a 

region. Users from outside regions are left with little option but to guess which region-level equation might suit their soils best. 60 

In a synthesis of soil P fertility recommendations across much of Europe, where 10 STP methods are in use, Jordan-Meille et 

al. (2012) acknowledged that “the choice of these conversion methods affects our results considerably.” In a global analysis 

of STP drawdown as a P sustainability strategy, McDowell et al. (2025) had to convert 36% of observations to Olsen P, using 

one conversion equation per soil test and likely explaining much of why ‘Country’ was the most important predictor of 

drawdown rate. For P transport models, soil P data often serve as inputs only when expressed on a specific basis; e.g., the Soil 65 
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and Water Assessment Tool (SWAT+) may initialize soil P content if given soil P extracted via anion exchange 

membrane/resin (the original, but rarely measured, basis) or if given the much more common Mehlich-3 P, assuming that yet 

another soil P conversion from Mehlich-3 P to anion exchange basis is tolerable (Vadas and White, 2010). A similar model 

initialization context is in Muntwyler et al. (2023), where available STP data were converted once or even twice to get to the 

model basis. These authors were all aware of the uncertainty introduced with these coarse STP conversions. Yet, users are 70 

largely unaware of the incompatibility in soil P measurements and of model sensitivity to STP conversions. Errors due to 

converting STP are largely unaddressed and likely hamper several areas of agronomic and environmental research focused on 

soil P. 

In this work, we focus on conversions between Mehlich-3 P (PM3) and Olsen P (POls), the two most frequent STP methods used 

agronomically in the US (Lyons et al., 2023), Canada (typically Olsen, e.g., Grant and Flaten, 2019), several European 75 

jurisdictions (Jordan-Meille et al., 2012), New Zealand (Olsen; McDowell et al., 2020) and elsewhere. Improving conversions 

between PM3 and POls is timely due to recent interest in agronomic and environmental guidance for STP protocols, emphasis 

on legacy P in catchments, and continued modelling efforts which rely on the ability to compare STP data on a common basis. 

To address this need, we utilized a large dataset spanning multiple soil types and P application histories to develop conversions 

for PM3 and POls that emphasize generalizable and predictive relationships using readily-available soil properties. We 80 

hypothesized that (1) STP conversions differ substantially between regions; (2) STP conversions vary systematically across 

readily-available soil/sediment properties (e.g., texture, organic matter, pH); and (3) conversions between different STP are 

largely governed by P lability chemistry. 

2 Methods 

2.1 Site Descriptions and Sampling in Legacy P Project 85 

Details of the United States Department of Agriculture (USDA) Legacy Phosphorus project (henceforth, ‘Legacy P’), soil and 

sediment sampling and analyses are in Simpson et al. (2025). Briefly, seven sites (Figure 1) were selected from the USDA 

Conservation Effects Assessment Project Watersheds Assessment Studies Network, representing wide variation in USDA soil 

orders (Alfisols, Aridisols, Inceptisols, Mollisols, Ultisols, and Vertisols), climate (mean annual precipitation: 274 – 1450 mm; 

mean annual temperature: 7.6 – 18.0 °C), cropping systems, fertilizer sources, and P application histories. Soils were sampled 90 

in the spring of 2022 and followed a standard protocol across sites. Soils were collected from the 0-5 and 5-15 cm depths while 

sediments in headwater streams or ditches were collected from the 0-2 to 0-5 cm depth. In total, 622 samples were collected, 

ranging from 64 at Snake River to 100 at W. Lake Erie (~90 per site). Throughout the text, we simplify to ‘soils’ even though 

our analyses include sediments as well (see also Simpson et al., 2025).  
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Figure 1: Map of soil sources (n = 897). Soils in the Agriculture Laboratory Proficiency (ALP) program (n = 275) come from the 

United States, including all 48 conterminous states (excluding Alaska and Hawaii), and from eight provinces in Canada. 

States/provinces are shaded according to the number of samples in the ALP dataset; blank areas indicate no data. Additionally, soils 

come from the seven study regions in the United States Department of Agriculture Legacy P project. Points are indicative of the 

study watershed(s) locations but are not exact. Legacy P sites each had 64 to 100 samples (total n = 622). 100 

 

2.2 Soil analyses in Legacy P Project 

Analyses and corresponding methods are provided in Table 1 while QA/QC and further details are provided in Simpson et al. 

(2025). Both Mehlich-3 and Olsen extractions were analyzed via inductively-coupled plasma optical emission spectroscopy 

(ICP-OES) (Kovar and Pierzynski, 2009). As Mehlich-3 emphasizes multiple elements (e.g., cations, trace metals), ICP-OES 105 

analysis is nearly universally used by laboratories. More variation exists among laboratories for POls analyses, with colorimetry 

traditionally being prevalent, but ICP-OES has increasingly been adopted (Eriksson et al., 2013; Kovar and Pierzynski, 2009). 

We note this since ICP-OES measures total P in solution compared to colorimetry which only measures reactive P (Shwiekh 

et al., 2013). Some previous work suggests negligible to minor (ca. 10%) differences between the two analyses for Olsen 

extracts (Adesanwo et al., 2013; Wanke et al., 2023). For the Legacy P soils, we found in a pilot analysis of the two analyses 110 
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(32 samples and 3 reference soils) a median absolute deviation between the two POls of 4.0 mg kg-1
 (cf. standard deviation in 

POls via ICP-OES of 21.0 mg kg-1) and little consistent evidence for the bias from potential molybdate-unreactive P. Therefore, 

we consider the POls values in the Legacy P dataset as approximately equivalent to those measured via colorimetric analysis; 

in line with common laboratory practice, we do not utilize other Olsen-extractable elements measured via ICP-OES. 

Table 1: Select characteristics of the samples in the USDA Legacy P dataset (see also Simpson et al., 2025) and the Agriculture 115 
Laboratory Proficiency (ALP) dataset. For ALP, n = 275 soils are summarized for the available properties. For the USDA Legacy 

P, both soils (n = 560) and sediments (n = 62) are combined; additional P sorption and related variables are reported (not available 

for ALP). For EPC0, labile P, Smax, and Bache-Williams index, 30 samples from the Snake River site were missing from analysis. SD 

is standard deviation. 

  USDA Legacy P ALP 

Variable Unit Median (Mean ± SD)  Min-Max Median (Mean ± 

SD)  

Min-Max 

Olsen P mg kg-1 30.0 (33.1 ± 20.4) 1.56 - 136 16.5 (22.3 ± 20.3) 2.10 – 134 

Mehlich-3 P mg kg-1 49.8 (92.4 ± 99.8) 1.31 – 628 47.2 (71.2 ± 89.1) 1.25 – 737 

pH S.U. 6.78 (6.85 ± 0.823) 4.83 – 8.73 6.41 (6.49 ± 1.05) 4.05 – 9.02 

Clay g kg-1 345 (345 ± 158) 32.2 – 890 177 (192 ± 105) 30.7 – 599 

Sand g kg-1 235 (273 ± 152) 0 – 917 447 (464 ± 214) 95 – 942 

TOC g kg-1 14.7 (18.5 ± 12.2) 2.13 – 95.7 15.2 (19.4 ± 21.4) 2.47 – 280 

TIC g kg-1 0 (3.30 ± 6.35) 0 – 41.6 0.0998 (1.92 ± 5.98) 0 – 66.7 

DPSox mol mol-1 0.133 (0.183 ± 0.130) 0.031 – 0.667   

DPSM3  mol mol-1 0.0688 (0.276 ± 

0.715) 

0.00288 – 

6.74 

  

Total P mg kg-1 622 (658 ± 280) 142 – 1700   

EPC0 mg L-1 0.113 (0.449 ± 1.09) 0.0057 – 15.6   

24 h P 

desorption via 

AEM (Labile P) 

mg kg-1 59.4 (71.6 ± 55.6) 1.20 – 325   

Langmuir Smax mg kg-1 331 (395 ± 245) 111 – 2320   

Bache-

Williams Index  

(mg P 100 g-1) 

per log(µmol P 

L-1) 

3.99 (4.87 ± 3.42) 1.35 – 38.8   

 120 
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2.3 ALP Soil Dataset and Analyses 

To expand the range of soil characteristics covered in this analysis, we also included soils (n = 275) analyzed in the Agriculture 

Laboratory Proficiency (ALP) Program (see Figure 1; https://collaborative-testing.com/program-1.php). Briefly, the ALP 

program collects agricultural soils across North America; here, 10 USDA soil orders were represented, with Alfisols, Entisols, 

Inceptisols, Mollisols, and Ultisols having >20 samples, while fewer samples came from Andisols, Aridisols, Histosols, 125 

Spodosols, and Vertisols. Soils were pulverized to pass < 0.8 mm sieve, homogenized, and shipped to >120 soil testing 

laboratories for analysis of 122 physical and chemical properties. We use the consensus median proficiency values for each 

soil property. Most of the soil physical and chemical properties covered in the Legacy P dataset were also reported in the ALP 

dataset; oxalate extractions and lability-related variables are notable exceptions (Table 1). Methods of analysis for soils in the 

ALP dataset largely reflect methods of analysis for soils in the Legacy P dataset except for Olsen P, which was measured by 130 

colorimetry (Miller et al., 2013). 

2.4 Statistical Analyses 

2.4.1 Region-level bivariate slope via Passing-Bablok regression 

Data was analyzed in multiple steps to establish relationships between PM3 and POls and improve conversion between the two. 

Following the approaches in previous literature, initial tests considered the bivariate relationship between PM3 and POls (i.e., 135 

slope) at the region/dataset level as well as for the entire combined dataset. Since neither STP measurement is ‘dependent’ on 

the other, it is arbitrary to regress one on the other; indeed, slopes can change somewhat depending on the orientation. Instead, 

we used equivariant Passing-Bablok regression (Dufey, 2020) to find the line that minimizes error for both variables via the 

‘mcr’ package (Potapov et al., 2024). The resulting slope is insensitive to differences in scale, accounts for errors in both 

measurements, and is robust to outliers; we present the resulting line as passing through the origin. In preliminary analyses, 140 

we found that fits were consistent for each site regardless of including sediments or not; thus, we present all sample data from 

the Legacy P dataset. 

2.4.2 Models using the ratio of Olsen P to Mehlich-3 P 

The conversion slope from the above method provides one value (slope) for a given dataset, e.g., a study region. Few studies 

have attempted to incorporate additional sample-level soil characteristics in such conversion models. For example, Shwiekh et 145 

al. (2015) presented several regressions for multiple STPs as a function of other STP, total C, pH, and other properties. 

However, the regressors there represented the effect on the dependent STP only, holding all else equal; in reality, a difference 

in a soil property, all else equal, likely influences multiple STP simultaneously but to varying degrees. Further, reversing the 

regression equation to estimate the original predictor STP is awkward as the original coefficients were minimizing the variance 

in the original dependent STP, not the predictor STP. 150 
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Because the conversion slope is effectively a ratio between the two STP values, we developed predictive models of this ratio 

also at the individual sample level via generalized additive models (GAMs; Wood, 2017), utilizing additional covariates for 

the relationship: 

𝑅𝑖 ∼ Gamma(μ
i
,ϕ),                                                                                                                                                                   (1) 

log(μ
i
) = β0 + ∑ 𝑓𝑗(𝑥𝑗,𝑖)𝑗 ,                                                                                                                                                        (2) 155 

where Ri is the observed ratio of POls to PM3 for the ith sample, considered here to be Gamma-distributed since the ratio is a 

positive value, ratios are naturally left-skewed, and the variance is often scale-dependent (i.e., increases with larger magnitudes 

of STP); the conditional mean of this Gamma distribution is µi, whose log is a function of an intercept (β0) and the sum of j 

potentially nonlinear functions (fj) of covariates xj,i (which may be paired to capture interactive effects); and φ is the dispersion 

parameter. The fj are assumed to be smooth and are penalized towards linear functions via cubic regression smoothing splines 160 

with shrinkage; interactions between multiple covariates (e.g., both FeM3 and AlM3) are represented with tensor product smooths 

also with shrinkage bases. We used the ‘mgcv’ package (Wood, 2017) to fit GAMs of R via restricted maximum likelihood. 

Note that, unlike models of one specific STP, models of R may be easily compared across contrasting sets of predictors, e.g., 

when using POls vs. PM3 as a predictor. 

We built models of R in five manners, varying in utility (exploratory to applied) and in which predictors (xj,i) were used. The 165 

first set is ‘region-level’, while the remaining four are ‘sample-level’ by utilizing data specific to the sample: 

1. Region-level intercepts – either an intercept for the entire combined dataset (‘overall’) or an intercept per each study 

region. These are akin to the Passing-Bablok slopes where each study region/dataset yields one conversion slope 

and thus provide reference models to compare with sample-level models. 

2. Sample-level: Basic predictors – clay concentration, pH, TOC, and TIC, but no P data, were used. Study region was 170 

included but only as a varying intercept to account for the non-independence within study regions. 

3. Sample-level: Basic + STP predictors – Either POls or PM3 extraction data were available, but not both. However, 

there were some distinctions for either soil test. 

a. Mehlich-3 – models expanded to include AlM3, CaM3, FeM3, MgM3, and MnM3 as predictors. Interactions 

between AlM3/FeM3 and CaM3/MgM3 were considered.  175 

b. Olsen – only POls was considered for models available to potential users. However, we also tested the 

Bache-Williams index (BWI; Legacy P data only; Bache and Williams, 1971) as a potential readily-

measurable property describing the P buffer capacity.  
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4. Sample-level: Lability models – these models leveraged much of the information in the Legacy P dataset that 

otherwise is not commonly measured or readily available, including predictors such as: EPC0, labile P, oxalate 180 

extraction, and bicarbonate-dithionite extraction. Emphasis was given to the central role of P lability (the quantity-

intensity-capacity relationship for P on soil surfaces) in STP measurements (Holford, 1980; Olsen et al., 1954; 

Simpson et al., 2025). STP variables were excluded as we tested whether P lability was sufficient to translate 

between PM3 and POls. 

5. Sample-level: Generalized Linear Models (GLMs) – using the same predictors as for the models in (3) but with the 185 

added constraint that all predictor effects (fj) must be linear on the link scale (constraining the GAM to be a GLM). 

Models were still fit by the ‘mgcv’ package via restricted maximum likelihood. Interaction smooths were replaced 

with ordinary (linear) interaction terms. The rationale is that while (3) could be widely used, GLMs are more easily 

understood and readily implemented in, e.g., transport model code. We focused the most performative models in (3) 

to reconsider as GLMs. 190 

For each model, we used visual diagnostics (e.g., deviance residual plots) to check model assumptions, aided by the ‘gratia’ 

package (Simpson, 2025). We compared models in their predictive capacities via Akaike Information Criterion (AIC; Burnham 

and Anderson, 2004), percent bias, root mean square log error (RMSLE), and median absolute deviation (MAD); the latter 

three statistics were computed with 10-fold cross-validation. As a severe test when comparing a chosen model to reference 

equations in Steinfurth et al. (2021), we used leave-one-site-out cross-validation, where either one Legacy P site or the ALP 195 

data were omitted when refitting the model and the fitted model predicted the left-out sample.  

Associated R code and a spreadsheet version of our final conversion equations are available at Figshare 

(https://doi.org/10.6084/m9.figshare.32133124). 

 

3 Results  200 

3.1 Soil Physical and Chemical Properties 

Soils in the study varied greatly in their physical and chemical properties (Table 1). Notably, Legacy P and ALP covered 

similar extents of soil P, pH, TOC, and TIC, but ALP included more samples with high sand content than did Legacy P 

(medians: 447 vs. 235 g kg-1) while the opposite was true for clay (177 vs. 345 g kg-1). Across all data, sample pH ranged from 

acidic (4.05) to highly alkaline (9.02); most soils had 10 to 25 g kg-1 TOC, but did vary from 2.1 to 280 g kg-1; PM3 ranged 205 
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from 1.25 to 737 mg kg-1 and POls from 1.56 to 136 g kg-1, with medians of 49.4 and 26.2 mg kg-1, respectively. Observed R 

was highly variable, having a median of 0.441, inter-quartile range of 0.278 to 0.720, and overall range of 0.096 to 3.68. 

3.2 Bivariate relationships between Mehlich-3 P and Olsen P 

Simple bivariate relationships between PM3 and POls (Figure 2) depended greatly on the study region (Legacy P) or dataset 

(Legacy P, ALP, or both). Using all data, the overall slope was 0.277 (i.e., suggesting 0.277 units of POls for every unit of PM3). 210 

At the region level, Passing-Bablok regression slopes ranged greatly from 0.193 (Mahan. Ck.) to 0.754 (Beasley L.) – clearly, 

a conversion slope from one region does not port to another. Some regions grouped more closely together including the alkaline 

soils (Aridisols) from Snake R. (0.318) to the neutral samples (Mollisols and Inceptisols) of the Le Suer watershed (0.619).  

Notably, conversion slopes at the region level varied beyond the extents of the previously reported minimum (0.27) and 

maximum (0.63) in the literature (Steinfurth et al., 2021).  215 
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Figure 2: Relationship between Olsen P and Mehlich-3 P across combined ALP (gray) and Legacy P (colored) datasets. (Top) 

individual data at the site/dataset level are summarized to a conversion slope (bottom) via Passing-Bablok regression (inset table 

gives the conversion slope and its 95% confidence interval). For reference, the previously reported maximum (0.63) and minimum 

(0.27) conversions found in the review by Steinfurth et al. (2021) are shown in bottom panel. 220 
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3.3 Predictive Models for the Olsen to Mehlich-3 Conversion Ratio 

As an alternative to region-level conversion slopes, we fit models of the ratio of POls to PM3 (R) according to five categories of 

predictor sets as detailed in the Methods (Table S1 for full results). The best models within each category differed markedly 

in their performance (Figure 3). The region-level intercepts model captured similar information as region-specific bivariate 

slopes, where model intercepts of R for regions resembled the respective slopes (notable exceptions were L. Champ., W.L. 225 

Erie, and Le Sueur, whose predicted R were larger than their respective bivariate slope). Aside from the overall intercept 

model, the region-level intercepts model was the worst-performing model, where average errors (via RMSLE) in R were ±52%. 

The region-based model has limited utility outside the seven study sites in Legacy P but serves as a useful model benchmark.  

Modeling R instead with sample-specific predictors, the remaining four categories of models showed large gains in 

performance (e.g., AIC lower by 200 to 1300 compared to the region-based model; see also Figure S3). We expect most, if 230 

not all, potential users will have observations of either PM3 or POls depending on which is common in their region; this is useful 

considering that the magnitude of soil P was consistently the largest predictor of R and, conversely, the model with only basic 

predictors (TOC, TIC, pH, and clay) still had considerable error (47%). The best-performing model was for Mehlich-3 (Figure 

S1), which explained 91% of the deviance and had average error of 26%. This model had its strongest predictor in PM3, but by 

utilizing texture, organic matter, pH, carbonates, and Mehlich-3 extractable metals, the model was generalizable: prediction 235 

error on the R scale (MAD) was only 0.057 – half that of the region-level intercepts model. The Olsen model, while only 

leveraging POls, was still effective in predicting R. The Olsen model covered 84% deviance and improved average errors (44%) 

over the region-level models.  
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Figure 3: Plots of observed vs. predicted conversion ratios (Olsen P to Mehlich-3 P) for 7 different predictive models. Table S1 gives 240 
more detail for each model; all were fit as GAMs, but only ‘basic predictors’, ‘Mehlich-3’, and ‘Olsen’ models included smooth 

nonlinear terms. The GLMs used the same predictors as the respective GAMs. The inset table gives model performance statistics: 

Akaike Information Criterion (AIC), percent deviance explained (% DE), percent relative error via root mean square log error (% 

err.), and median absolute deviance (MAD; on ratio scale). The latter two error statistics were via 10-fold cross-validation. Percent 

bias is not shown but was negligible (at most, +/- 1.2%). The dashed line is the 1:1. Note use of log scales. 245 

Observing PM3 data, rather than POls, gives a natural advantage in predicting R. Much more of the variance in R is due to the 

variance in PM3: coefficients of variation across the study sites varied as high as 0.97 for PM3 while for POls the greatest value 

was 0.69. Additionally, while Olsen extracts are typically only analyzed for P, the multiple Mehlich-3 extractable elements 

added useful predictors of R: the best Mehlich-3 model leveraged FeM3, AlM3, CaM3, MgM3, and MnM3. As these predictors may 

speak to soil P buffer capacity, we considered an Olsen model including the BWI as a predictor (Table S1; Legacy P data 250 

only): MAD (0.076) and average error (30%) all improved considerably, closing some of the gap to the Mehlich-3 models. 

To investigate soil P chemical mechanisms behind STP conversions, we considered ‘lability’ models (Legacy P data only). 

Using only basic soil properties, EPC0, PAEM, BWI, and oxalate-extractable P, Fe, and Al, the best lability model performed as 

well as the best Mehlich-3 model: 92% deviance explained and 24% average error (Figure S2). The predictors for P intensity 
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(EPC0) highlighted in Simpson et al. (2025) also provided a good basis for predicting R, while the addition of oxalate-255 

extractable P provided further benefit. In this lability model, effects for PAEM and Pox behaved similarly to those for PM3 or POls 

in sample-level models with basic predictors and STP, with steep declines in R with greater P concentration. Oxalate-

extractable Al and Fe were less sensitive as predictors for R compared to their Mehlich-3 counterparts likely due to the 

inclusion of BWI as the P buffer capacity variable; each of these variables indicated positive effects on R.   

3.4 Conversion Equations and Comparison to Literature 260 

Considering the sample-level Olsen or Mehlich-3 models, it is convenient to convert from a GAM to a GLM (nonlinear 

smooths requiring more effort to incorporate elsewhere), i.e., constraining the predictors to be linear on the log scale, though 

there will likely be performance losses for either soil test due to less model flexibility (Fig. 3). Still, the GLM versions of the 

respective best GAM fits were both comparable to their originals. For the Mehlich-3 GLM (Figure 4), average error increased 

to 29% (from 26%) while for Olsen it increased to 45% (from 44%). The cross-validation MAD for both GLMs (0.063 and 265 

0.108, respectively) suggested that typical errors were not much larger than for the respective GAMs. The model parameters 

for either soil test are given in Table 2; these may be readily incorporated by users wishing to convert between either STP, and 

we give readily-adaptable R code and a spreadsheet for this purpose.  
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Figure 4: The partial effects for the GLM version of the best-performing Mehlich-3 GAM of the ratio of POls to PM3, R. (All terms 270 
from the GAM were kept but constrained to be linear on the log-scale.) Each panel shows the predictor’s partial effect (and its 

95% credible interval as the shaded ribbon) on R (holding all other predictors at their medians). For interaction terms, one of the 

two predictors is split into representative levels with separate curves drawn. Note that all predictor units are as shown in Table 1. 

The colored rug plot along the bottom indicates the marginal distribution of the x-axis predictor across the sites (Legacy P) or 

dataset (ALP). Partial effects for interactions are shown across the full x-axis though they may not be realistic (e.g., TIC >0 g kg-1 275 
when pH <6). 
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Table 2: Parameter estimates and their 95% confidence intervals for the generalized linear models of the ratio of Olsen P to Mehlich-

3 P (R), assuming that either (left) Mehlich-3 data or (right) Olsen P data are available. Each parameter is for the log(mean), 280 
therefore predictions should be the exponentiation of the sum of all terms. I.e., predicted ratio = exp(1.71 + 0.275 × log(clay) + … + 

0.0425 × log(MnM3)). With this ratio, one may then convert between PM3 or POls with e.g. POls = PM3 × R.  Predictor units are g kg-1 

for clay, TOC, and TIC; S.U. for pH; and mg kg-1 for all Mehlich-3 extractable elements and Olsen P. Natural log is used except for 

TIC, where ‘log1p’ means log(1 + TIC). Interaction predictors are simply the product of the two covariates. Note that all terms from 

the best performing GAM were kept here though some coefficients are small and/or uncertain; some terms are small/uncertain but 285 
are important in interaction terms (e.g., MgM3). 

 

  

Predictor Mehlich-3 GLM Olsen GLM 

 Coefficient 95% C.I. Coefficient 95% C.I. 

Intercept 1.71 0.64, 2.78 0.021 -0.594, 0.635 

log(clay) 0.149 0.104, 0.194 0.185 0.123, 0.247 

log(TOC) 0.109 0.071, 0.147 0.148 0.093, 0.203 

pH -0.130 -0.166, -0.094 -0.207 -0.254, -0.160 

log1p(TIC) 0.284 0.064, 0.505 -0.278 -0.614, 0.058 

pH × log1p(TIC) -0.0356 -0.0659, -0.0053 0.0455 0.0011, 0.0900 

log(PM3) -0.338 -0.359, -0.316   

log(POls)   -0.228 -0.272, -0.184 

log(FeM3) 0.0142 -0.149, 0.177   

log(AlM3) -0.233 -0.362, -0.103   

log(FeM3) × log(AlM3) 0.0293 0.0023, 0.0563   

log(CaM3) -0.259 -0.355, -0.164   

log(MgM3) -0.0950 -0.264, 0.0735   

log(CaM3) × log(MgM3) 0.0326 0.0109, 0.0544   

log(MnM3) 0.0425 0.0181, 0.0669   
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What gain in performance can a user expect with the equations developed here? To answer this question, we compared the 290 

Mehlich-3 GLM in Table 2 to the equations reviewed by Steinfurth et al. (2021), which relied on the conventional region-level 

correlation between POls and PM3. Further, we used leave-one-site-out cross-validation for the Mehlich-3 GLM as a severe test 

to compare against the literature equations. Depending on the reference equation used, errors in either POls values (Figures S4 

and S5) or in the ratio R (Figures S6 and S7) were severe. For region-level literature equations, relative errors often exceeded 

100% while that for the Mehlich-3 GLM was ca. 30%. For the ALP, L. Champ., and Mahan. Ck. subsets, a few region-level 295 

literature equations had comparable performance compared to the Mehlich-3 GLM when holding out that subset’s data; in all 

cases, however, the final calibrated Mehlich-3 GLM was the most predictive. If one chose the best region-level literature 

equation for their individual soil sample, POls predictions would still substantially improve if using the Mehlich-3 GLM: 

average relative errors typically decreased by ~50% while absolute bias decreased by 75% (Figure S8).   

4 Discussion 300 

4.1 Toward broadly applicable soil test P conversions 

Translating between different STP values is not straightforward, but is frequently required to integrate datasets generated with 

differing STP methods. Examples include multi-region or multi-study syntheses or meta-analyses (McDowell et al., 2025; 

Muntwyler et al., 2023), agronomic comparisons across regions (e.g., scrutinizing and harmonizing fertility recommendations 

across borders) (Jordan-Meille et al., 2012; Lyons et al., 2021; Steinfurth et al., 2022), and for P-transport modeling 305 

(Muntwyler et al., 2024; Vadas and White, 2010). This is often the case in any such study at regional, national, or global scales. 

Here, we demonstrated a relatively simple method for converting between Olsen and Mehlich-3 P values which, in comparison 

to the conventional use of a region-level regression, cuts errors in half. The performance gain of the introduced method 

(‘sample-level’ modeling) over the conventional method (‘region-level’ modeling) is largely due to incorporating key soil 

predictors varying at the sample level, as suggested by Steinfurth et al. (2021). In contrast, region-level models for the two 310 

STP values, though a good first step, are inefficient for two connected reasons: (1) often, they must average over considerable 

variation in soil properties (e.g., texture, pH) even at the site level; and (2) structurally, these models improve little from more 

observations. This latter point is important as often considerable work goes into sampling and analyzing soils across a context 

only to produce a single regression of one STP to another, such as for the ~2700 samples in Culman et al. (2020). Such datasets 

could be reanalyzed with sample-level models, like those developed here, to substantially improve conversion relationships. 315 

The use of region-level models can lead to severe errors – at best around 50%, but often >100% – whether using the most ideal 

reference equation (Figure S8) or even data from the site itself (Table S1). In contrast, the GLM provided in Table 2 leveraged 

soil clay concentration, organic and inorganic carbon, pH, and Mehlich-3 extractable elements to yield relative errors ~25%. 

While we believe there to be room for improvement, particularly for the more difficult conversion from POls to PM3, the models 

we offer should apply across many soil orders and P exposures. 320 
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The cross-validation error metrics reported here are, for simplicity, a summary statistic, e.g. MAD (Table S1). These metrics 

deal with average out-of-sample prediction error which may only show small gains for a better model (Gelman et al., 2014); 

the full distribution of prediction errors are also important when comparing these models, especially towards the extremes in 

soil P concentrations. For instance, region-level regressions might have acceptable bias overall, but they suffer markedly when 

predicting either POls above 30 mg kg-1 or PM3 above 50 mg kg-1 (Figure S3), with extreme negative and positive biases, 325 

respectively. In contrast, a major benefit of the sample-level STP ratio models developed here is that bias remains near zero 

across a wide range in STP and, further, prediction error distributions are more constrained and avoid extreme errors. This is 

also why RMSLE, which is sensitive to extreme errors, decreased dramatically for the GLMs compared to the reference region-

level equations while MAD did not (Figure S5). In short, sample-level models are more reliable in general but especially so 

when dealing with more extreme STP contexts.  330 

Another benefit of modeling STP conversions as a ratio at a sample- rather than region-level is that it captures the wide 

variation in the relationships between soil tests with readily-available soil properties, obviating the need to match equations 

based on the study region or soil type. We were surprised that region-level slopes of POls to PM3 across Legacy P sites in the 

US (Figure 2) varied even more than previously reported in the literature (Steinfurth et al., 2021). Applying region-level 

conversions from literature to sites like Beasley L. or Mahan. Ck. would be at best heavily biased, but at worst could give 335 

errors exceeding 100% (Figures S4; S6). A region-level slope is already an inefficient means for converting between STPs, 

but it also generalizes poorly to settings where data on contrasting soil P metrics are unavailable. Modeling the ratio, R, between 

other soil P metrics or pools may prove an effective strategy in more contexts where soil P data are mismatched.  

4.2 Chemical basis for conversion equations 

The two strongest sets of predictors for R were those pertaining to the soil P quantity and to the soil’s P buffer capacity, though 340 

predictors related to chelatable metal oxides and other mechanisms were also important. In our models, R decreased with 

greater soil P quantity (PM3, POls, or labile P) and increased with greater P buffer capacity (e.g., clay concentration, Bache-

Williams index). These relationships speak to the contrasting chemistry of the two soil tests, indicating opportunities to further 

improve conversions but also limitations of soil test conversions.  

Since most STP methods were developed to extract some proportion of so-called ‘plant available’ P (Bray, 1948; Sims et al., 345 

2000), they were often based on the various chemical mechanisms crops employ (or benefit from) to acquire P (Mehlich, 1984; 

Olsen et al., 1954; Truog, 1930), such as the release of protons, organic anions (especially carboxylates), and other ligands or 

chelating agents (Lambers, 2022; Nguyen et al., 2024; White and Hammond, 2008). As protonation (via strong acids and/or 

low pH buffers) is very effective at mobilizing much of the inorganic P in mineral soils, tests with greater acidity tend to extract 

greater quantities of P (Mattila and Rajala, 2022; Messiga et al., 2014; Wuenscher et al., 2015). Therefore, typically R < 1 350 

since PM3 > POls (cf. 13% of soils in our study, usually with <30 mg POls kg-1 and/or >40% clay, had R > 1). This disparity 

between PM3 and POls grows with increased soil P. Therefore, one of the strongest advantages of the sample-level models of R 

here is that predictions change with magnitude of soil P quantity, unlike for the region-level regressions that assume a static R 
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through a fixed slope term. Similar relationships might apply to conversions between Olsen and acidic extractions, e.g., Bray-

Kurtz, ammonium-lactate, or oxalate.  355 

While Olsen et al. (1954) and Mehlich (1984) were seemingly less concerned with (or aware of) the P lability dynamic in soils 

(Beckett and White, 1964; Holford, 1997), much of the P extracted in their tests is dictated by the lability of soil phosphate, 

where greater soil P intensity entails greater P concentration extracted into either solution (Holford, 1980; Koopmans et al., 

2002; McDowell et al., 2001; Pierzynski et al., 2005). Some authors refer to certain soil tests as more related to either ‘quantity’ 

or ‘intensity’; we posit that it is more accurate to say STP is mostly a blend of all three aspects of soil P lability  (Simpson et 360 

al., 2025), even though STP in some conditions appears to relate more strongly with either soil P intensity or quantity. The 

different relationships between soil P lability and either POls or PM3 are clearly displayed in the ‘lability’ GAM in Figure S2. 

Using data independent from the soil tests, R decreased nonlinearly with labile P (quantity) yet increased with Bache-Williams 

index (buffer capacity); we further note that all the information that encoded EPC0 (intensity) across the Legacy P dataset (see 

Fig. 5 in Simpson et al., 2025) is also present in this GAM, hence EPC0 was not needed as a predictor. The decrease in R with 365 

greater soil P quantity reflects how PM3 is more sensitive to P loading than is POls. The positive effect for buffer capacity, 

conditional on P quantity, deserves more discussion.  

Positive effects for P buffer capacity parameters on R were evident for the GLMs (Table 2; Fig. 4), notwithstanding interaction 

effects, through the contributions of clay, CaM3, MgM3, AlM3, FeM3, and MnM3 concentrations (the latter three likely indicating 

greater concentrations of metal (hydr)oxides). Similarly for the ‘lability’ GAM (Fig. S2), in addition to Bache-Williams index, 370 

more clay and oxalate-extractable Fe + Al predicted greater R. This relationship is not immediately clear and requires 

consideration of both extractions in detail. All aspects of P lability are in reference to conditions that attempt to maintain the 

chemical integrity of the soil surface (Larsen, 1967), such as by using an appropriate ionic background. In contrast, Olsen (0.5 

M NaHCO3, pH 8.5) and Mehlich-3 (containing high concentrations of acetic and nitric acids, NH4NO3, NH4F, and EDTA; 

pH 2.5) are more aggressive and mobilize much more soil P into solution on short timescales, particularly inorganic fractions, 375 

through several mechanisms (Barrow and Shaw, 1976; Cade-Menun et al., 2018; Mendez et al., 2020). Independent of soil P 

quantity, greater soil P buffer capacity implies greater amounts of inorganic P stored in less labile forms or positions (van 

Doorn et al., 2024; Holford, 1997); indeed, this idea underlies the three-pool model for soil inorganic P (Jones et al., 1984; 

Sharpley et al., 1984) in ecohydrological models such as SWAT+ and many others (Pferdmenges et al., 2020; Radcliffe et al., 

2015). Both STP extracting solutions are effectively dissolving more of the continuum of inorganic P than just the labile pool, 380 

but the critical difference is that this reaction is kinetically constrained. On the sub-hour timescale, when the amount of P 

desorbed per time is greatest (Lookman et al., 1995), the difference in desorption between 5 minutes (Mehlich-3) and 30 

minutes (Olsen) is large and might explain the discrepancy in R. To rephrase as a new hypothesis: greater soil P buffer capacity 

implies greater amounts of inorganic P beyond the ‘labile’ threshold, which both soil test solutions will eventually extract; 

while Mehlich-3 is the more chemically aggressive solution, and will extract much more P into solution than Olsen for 385 

equivalent times, it has much less time to do so; therefore, given a certain amount of labile P, the derivative in STP with 

respect to buffer capacity is greater for Olsen than for Mehlich-3, and thus R increases with more buffer capacity. 
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While soil P quantity and buffer capacity appeared to be the most significant factors explaining the variation in R, chelatable 

P and metal oxides were also predictive. This is relevant as many of the sorption sites for P in soils such as clay minerals, 

metal oxides, and carbonates can be chelated thus mobilizing the bound P into solution (Golterman and Booman, 1988; Jan et 390 

al., 2013). While the Olsen extraction contains no such chelating power, Mehlich-3 contains acetate and EDTA, both strong 

chelating agents. For this reason, Mehlich-3 extractable metals correlate strongly with oxalate-extractable metals (Kleinman 

and Sharpley, 2002). The oxalate extraction is noteworthy since chelation is the principal reason for its high P extraction 

efficiency (Borggaard, 1992; Jan et al., 2013; Schwertmann, 1991). For example, in the Legacy P dataset, ca. 40 to 80% of 

total P was extracted with oxalate; hence, much of the inorganic P in these soils can mobilize with chelation. This chelation-395 

based aspect of the Mehlich-3 extraction is difficult to predict with only POls and basic soil properties, but the opposite is true 

when predicting POls given Mehlich-3 data, likely explaining much of the difference in predictive performance between the 

Mehlich-3 and Olsen models (Table S1). Indeed, including oxalate-extractable P, Fe, and/or Al substantially improved 

predictive performance in the ‘lability’-based models (Table S1). Unless oxalate or similar extraction data (Rogers et al., 2019) 

are more available, there will remain a gap in our ability to convert toward PM3 or similar soil test P featuring chelators from 400 

soil tests without such chelators. Therefore, the conversion toward POls is the more reliable direction.  

4.3 Agronomic utility of soil test P conversions  

Our results make clear the fundamental challenges in reconciling different STP across regions: (1) the same STP value for any 

method but for two different soils does not imply the same P availability to either plants or solution and, relatedly, (2) the 

conversion ratio between different STP for one soil is not inherently applicable for another soil. For several reasons, different 405 

STP and different crop calibrations are used for agronomic decisions across many regions, including different states in the US 

(Lyons et al., 2023) and countries/regions in Europe (Jordan-Meille et al., 2012). Agronomists in these regions typically 

recommend fertilizers based on local crop correlation and calibration trials with the locally-preferred STP, resulting in a wide 

range in STP thresholds (Steinfurth et al., 2022). Thus, introducing alternative STP – for example, through commercial soil 

testing laboratories – risks losing agronomic relevance. We show that conversion via region-level equations, compared to the 410 

sample-level models we propose, can lead to gross errors with major agronomic consequences.  

The primary benefit of sample-level conversion models is their ability to account for nuances in soil contexts. Figure 5 

illustrates the conversion from PM3 to POls for all 897 soils studied here when assuming various PM3 values. Given PM3, each 

region-level equation reviewed in Steinfurth et al. (2022) predicts precisely one POls value. In contrast, the Mehlich-3 GLM 

presented here gives 897 unique conversions tailored to the soil properties. This flexibility matters greatly when considering 415 

agronomic thresholds (i.e., the STP at which crop response to added P ceases to occur); for comparison, the average critical 

POls  for many regions and crops is ca. 15 mg POls kg-1 (Steinfurth et al., 2022). Such thresholds map to precisely one PM3 value 

when converting with region-level equations, thus, if given PM3, only one judgment would be made regardless of soil context. 

In reality, agronomic decisions are heavily soil-dependent. Further, the Mehlich-3 GLM even accommodates some rare 

extremes. For example, assuming 100 mg PM3 kg-1, all reference equations predicted >15 mg POls kg-1, yet the Mehlich-3 GLM 420 
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predicted <15 mg POls kg-1 for three soils. These three soils were all very sandy, from dry or arid climates, and derived from 

eolian parent material (e.g., sand dune) or similar. Such soils are extremely poor in their P buffer capacity, thus the very low 

POls values are sensible. At the other extreme, the sample-level model accommodated soils with very high P buffer capacity, 

e.g., clay- and Al-rich soils from the L. Champ. site, predicting nearly double the POls value compared to literature equations.   

Overall, the most agronomically problematic scenarios are when STP values are very low, where recommended P-application 425 

rates increase rapidly per unit yield, and where the total crop P-demand is high. To illustrate, we will discuss two widely grown 

crops with contrasting P demands – barley and potato – with the P recommendations from the western US state of Idaho, where 

POls is the current recommend STP (Figure 6). Using the Idaho recommendations for these crops (Spackman et al., 2023; Stark 

et al., 2004), P fertilizer would be applied when STP is at or below either 15 (barley) or 20 (potato) mg POls kg-1. Simulating 

these decisions for all 897 soils in our dataset, but with PM3 assumed to be 10, 30, or 50 mg kg-1, Figure 6 shows dramatic 430 

variation in the recommended P-application depending on the equation used. Given a PM3 value, any one region-level equation 

leads to a single recommendation, no matter the other soil properties; meanwhile, the sample-level model (Mehlich-3 GLM) 

had 3 to 5 (the maximum) recommended rates across the soils depending on scenario. Several region-level equations led to the 

most extreme recommendation for all soils while the Mehlich-3 GLM led to that recommendation for a minority of soils. These 

disagreements are just as apparent in the STP range most likely to elicit crop response. A clear example is for 10 PM3 kg-1 for 435 

a potato crop: half of the equations suggested the maximum rate (156 kg P ha-1) for every soil, but the GLM reserved this 

extreme for just 7% of soils. 
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Figure 5: Assuming different values of Mehlich-3 P concentration (across rows; 10, 30, 50, or 100 mg P kg-1) but with all other 440 
observed soils properties held fixed (n = 897; ALP + Legacy P), the predicted Olsen P concentration via (left) this study's best 

performing Mehlich-3 GLM or via (right) one of the 23 region-level equation as reviewed in Steinfurth et al. (2021; ordered 1-23 

according to their Table 9). The dashed line at 15 mg kg-1 Olsen P is the average critical (agronomic) value across multiple crops 

(Steinfurth et al., 2022) where average relative yields fall below 95% (for comparison only). Note that under M3-GLM, only one 

equation is shown, but given more width to visualize the data; for all the region-level equations, only one unique prediction is 445 
available per given Mehlich-3 P concentration. The background shades indicate the P loss risk category according to Idaho's P index 

(Leytem et al., 2017) for a sensitive scenario (again, for reference only). 
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Figure 6: Using the equations and all soil properties as in Figure 5 for given Mehlich-3 P concentrations of 10, 30, or 50 mg kg-1, 

what fertilizer P application might be recommended for a potato or barley crop in Idaho? The fertility recommendations are based 450 
on Olsen P concentration (assuming 0% free lime for simplicity). Being the only equation to leverage sample-level information, the 

Mehlich-3 GLM (this study) leads to a variety of P fertilizer recommendations depending on context. In contrast, all 23 of the 

reference (region-level) equations give one conversion of Mehlich-3 P and thus one fertilizer recommendation for all 897 soils, no 

matter the soil properties. 

 455 

The conversion from PM3 to POls is particularly relevant for farmers and agronomists. A recent trend in soil testing appears for 

samples sent to (frequently far-flung) commercial laboratories, where there is often a preference for multi-elemental extracts 

such as Mehlich-3 largely due to the reduced cost of a multi-nutrient extractant compared to multiple tests for various nutrients  

(Kaiser, 2024; Mattila and Rajala, 2022; Miller et al., 2013; Rogers et al., 2019). This is worrying considering the complex 

chemistry of the Mehlich-3 extract, as discussed above, and the lack of crop calibration to PM3 for the soils in question. While 460 

conversions from Mehlich-3 data to POls were the most robust here, 29% relative error may still obscure local P fertilizer 

recommendations. 
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Fertilizer decisions are critical for achieving sustainable nutrient management – in both the environmental and agronomic 

senses. STP measurements and subsequent fertilizer recommendations from external labs can vary widely, entailing significant 

costs to the farmer, sometimes unnecessarily (Baker et al., 2026; Jordan-Meille et al., 2012; Liuzza et al., 2020). Critical STP 465 

values based on crop calibration trials are already uncertain due to difficulty in reconciling different soils, climates, and crop 

characteristics as well as relatively arbitrary model selection choices (Cate Jr. and Nelson, 1971; Fryer et al., 2019; Pearce et 

al., 2022). Compounding measurement error and uncertain crop calibration values with >50% relative error due to region-level 

conversions can render STP data useless for practical purposes. Refining conversions between PM3 and POls is a relatively small 

but important step to improving fertilizer recommendations and guiding P fertilizer policy across regions. 470 

4.4 Environmental utility of soil test P conversions 

Soil P measurements most germane to hydrological transport of P, such as P intensity and labile P, are infrequently made. So, 

it is pragmatic to instead use, if possible, other widely-measured soil P data, such as STP. If we are to leverage these data as 

inputs for P transport models and risk assessments (e.g., P index), we need flexibility in converting soil P metrics toward the 

appropriate basis with minimal error. The conversion equations developed here fulfill some of this need and should prove 475 

useful for such environmental applications. 

A clear example is in P indices and related agricultural P assessment  (Liu et al., 2025; Osmond et al., 2025), where STP data 

are often the main variable defining the ‘supply’ component for P transport risk. Thus, STP conversion errors can skew risk 

assessments. This is especially true when critical threshold values of STP are used categorically to define risk or permittable 

actions. Near such critical values, small changes in STP values have great impacts. Returning to Figure 5, the converted POls 480 

are graded according to Idaho’s P index (Leytem et al., 2017), which requires POls. When using region-level equations, no 

nuance is allowed and so all soils are given one risk class. At 100 mg PM3 kg-1, most region-level equations assigned all soils 

the ‘low’ risk category while four assigned all soils ‘medium’; the Mehlich-3 GLM, in contrast, assigned most soils ‘low’ risk 

but still identified 23% of the soils as ‘medium’ risk and a further 0.4% as ‘high’.  

A similar pattern will apply to P transport models that incorporate STP data. For example, many P transport models rely on 485 

the 3-pool soil inorganic P model (Das et al., 2019; Jones et al., 1984; Neumann et al., 2021), such as SWAT+ (Vadas and 

White, 2010). The first and perhaps most critical inorganic P pool is currently termed ‘solution P’, though originally Jones et 

al. (1984) called it ‘labile P’ (the same meaning we use in this work). In SWAT+ and other models utilizing this 3-pool model, 

labile P also partly defines the other two inorganic P pools, essentially dictating much of the total P content of the soil and any 

particulate P losses to local waters. Given large observed variability in soil labile P concentrations (e.g., 3 orders of magnitude 490 

in Simpson et al., 2025) and its central role in the simulation of P transport processes, labile P is critical input. Yet labile P is 

seldom measured, leaving the vast majority of model users to either assume an unideal default or base labile P on data they do 

have, which is likely STP. For the latter, labile P is estimated based on a relationship with the more frequently measured – for 

the eastern US – PM3 (Muenich et al., 2016; Vadas and White, 2010; White et al., 2010). Leaving aside the issue of converting 

any STP to labile P (another conversion likely fraught with error), this initialization for soil labile P poses problems for many 495 
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other regions globally that measure other STP for their agronomic and environmental purposes (Jordan-Meille et al., 2012; 

Lyons et al., 2023). As a result, modelers routinely face the choice of (i) using conversions based on dissimilar soils and thus 

likely entailing large errors (Figure S6), (ii) tuning other parameters to compensate, or (iii) ignoring the mismatch altogether.  

Other catchment and regional models face similar challenges. In Balt‑HYPE (Baltic Sea basin – Hydrological Predictions for 

the Environment; Arheimer et al., 2012), soil P pools are set using land‑use‑based coefficients and national datasets. However, 500 

different countries contribute STP data based on different extraction methods, and the Balt-HYPE documentation does not 

fully explain how those are reconciled. INCA‑P (Integrated Catchment Model of P dynamics; Jackson-Blake et al., 2016) 

differs by initializing soil P pools based not on STP but on total P (i.e., digestion), relying on a soil P variable far less frequently 

measured and divorced from soil P lability. These examples reinforce the point that there is no consistent, transparent treatment 

of STP across models, even though STP is often the only soil P information available at scale. 505 

All models simulating soil P dynamics but given no or erroneous soil P inputs will likely misrepresent the relevant processes, 

thus yielding either poor predictions or fair predictions for the wrong reasons. The soil labile P pool, particularly in agricultural 

catchments, dwarfs annual P fluxes (Simpson et al., 2025) and its size is central to simulating catchment P dynamics. In 

SWAT+, if the labile P pool is wrong, calibration to observed in-stream P loads can still achieve good fit by adjusting 

parameters that govern in-stream processes to compensate, while the internal P pools and edge-of-field P loads remain 510 

unrealistic. While the calibrated model seems to exhibit good performance, the parameterization and internal state of the model 

is unreasonable. Any scenario analyses, such as predicting how quickly legacy P will decline under reduced nutrient inputs or 

how long a lag to expect in improved water quality, will likely be unreasonable as well. The STP conversions proposed here 

alleviate some of this uncertainty for some of the most widely used models and may further guide additional model-relevant 

STP conversions. 515 

4.5 Limitations and future work 

We echo the caution of Steinfurth et al. (2021): “A routine use of conversions, e.g., to reduce costs in laboratories, cannot be 

recommended.” Any conversion propagates uncertainty to downstream calculations. On average, relative error due to 

conversion with our GLMs is 29% (given Mehlich-3 data) or 45% (given POls); while not >100% like many other region-level 

models, this error is still considerable depending on the case. Users should be critical when using our conversion equations, or 520 

any others, and they may consult our hold-one-site-out cross-validation (Figure S8) as a strenuous test of our models’ 

generalizability.    

In certain contexts, the models here may not suit well. First, our dataset did not include soils from the Gelisols or Oxisols 

orders, with the latter having extremely high P buffer capacity (Barbosa et al., 2022; Boitt et al., 2018) and providing an 

important agricultural soil for tropical regions. Second, soils with very heavy manure additions may have distinct soil P 525 

relationships from many of those used here (Condron et al., 2005; Rubæk et al., 1999; Schmieder et al., 2018). Not only is 

more of the total P present as organic P, but soil tests vary dramatically in their extraction of various organic P compounds or 

inorganic P complexed with organic matter. Alkaline extracts such as 0.5 M NaHCO3 (Olsen, Colwell) will remove the more 
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labile organic P fraction (Condron et al., 2005; Hedley et al., 1982), but Mehlich-3 can also extract large amounts of certain 

organic P such as phytate-P in soils amended with poultry litter (Cade-Menun et al., 2018). We suspect some of this behavior 530 

explains the peculiar relationship at the Mahan. Ck. site (Figures S5; S8) where specific soils received considerable cattle 

and/or swine manure. Further improvement in conversion of POls to PM3 would likely be improved by including other soil 

extractant data (analogous to FeM3, MgM3, etc., such as ammonium-acetate extraction) that are used in alkaline soils (Miller et 

al., 2013; Rogers et al., 2019). Lastly, while we built models with observed basic soil properties, such as clay and TOC 

concentrations, some users may need to instead use geospatial products (e.g., Poggio et al., 2021) or similar to estimate these 535 

properties; however, such estimates can introduce more uncertainty in soil P conversions. 

We believe the method outlined here – modeling the conversion ratio itself at sample-level, rather than either of the STP – has 

potential for further development. More extensive datasets and from additional regions can remediate possible blind spots in 

our dataset. Alternative models may build upon the success we found here, where we focused on models that could readily 

port to other tools (without, say, storing a random forest object somewhere to be fed input data). The variety of alternative 540 

predictors we tested (Table S1) suggest several soil properties, though less commonly measured, can be helpful for converting 

between STP and related metrics: the P buffer capacity (e.g., Bache-Williams index) and related aspects of P lability (labile P 

via anion exchange membranes/resins; EPC0), and oxalate-extractable Al, Fe, and P. 

5 Conclusions 

By extending the idea of a ‘conversion slope’ between two STP measurements at a region level to a model of their ratio at the 545 

sample level, we developed robust predictive conversion equations using readily-available variables applicable across a wide 

variety of soils. Compared to prior STP conversions based on region-level regressions, our models can cut average conversion 

errors in half and avoid the most egregious errors. Despite this improvement, different STP remain, to some degree, 

irreconcilable due to the chemistry involved, making direct measurements nonpareil. Still, for Mehlich-3 and Olsen 

specifically, reasonable conversion efficiencies are possible when accounting for the soil P lability properties and chelatable 550 

Fe, Al, and P. This is in line with the chemical mechanisms present in each extraction; similar investigations for other STP 

may lead to more universal conversions between multiple tests. Specific to Olsen and Mehlich-3, it is fortunate that the 

conversion GLM developed here works particularly well when given Mehlich-3 data, as the conversion towards POls could be 

the more frequently encountered conversion in the future. For additional soil P metrics not evaluated here, we expect similar 

utility in conversions is possible by moving beyond region-level correlations between soil tests. This may further improve 555 

works such as large-scale maps of soil P, bridging agronomic efforts between neighboring states/regions/countries, and meta-

analyses desiring a consistent soil P basis. 

When direct measurements are infeasible and conversions necessary, providers and users of soil P data should be informed 

and careful, as conversion errors are surprisingly impactful. Reducing STP conversion error helps with both environmental 

and agronomic decision-making; however, soil monitoring programs, field trials, analytical capacities, accessible soil 560 
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databases, and more must be bolstered to provide the soil P data necessary to answer questions critical to sustainable P 

management. 

 

Code, data, or code and data availability 

R code for the analyses, along with a spreadsheet version for the conversions, is given at Figshare: 565 

https://doi.org/10.6084/m9.figshare.32133124.  

Data from the USDA Legacy P project was previously published (Simpson et al. 2025) and made available at Ag Data 

Commons: https://doi.org/10.15482/USDA.ADC/25892602.v1 

Data from the ALP is published at: https://collaborative-testing.com/program-1.php 
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