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ABSTRACT 8 

Accurate estimation of lime requirement (LR) remains a major challenge in acid soils, as conventional buffer-9 

based approaches, particularly the Shoemaker–McLean–Pratt (SMP) method, rely on a single equilibrium 10 

measurement and predefined target pH values, limiting their ability to capture the diversity of soil neutralization 11 

responses. This study evaluated whether machine-learning (ML) models can reconstruct incubation-derived 12 

neutralization curves and provide flexible, soil-specific LR estimates without reliance on SMP buffer chemistry. A 13 

total of 400 soil samples from Eastern North America were incubated at six CaCO₃ application rates. Soil responses 14 

were expressed as pH change (ΔpH) and fitted using a Mitscherlich model to derive reference neutralization 15 

curves and incubation-based LR. ML models were developed using four predictor classes: mid-infrared (MIR) 16 

spectroscopy, visible–near infrared (VisNIR) spectroscopy, routine chemistry (RC), and detailed pedological 17 

characterization (DPC), as well as hybrid combinations. ΔpH predictions were robust across all models, with DPC 18 

achieving the highest performance (R² = 0.92, RMSE = 0.24 pH units under cross-validation), followed by RC and 19 

MIR, while VisNIR and minimal SMP-based models showed lower accuracy. LR estimates derived from 20 

reconstructed ML curves consistently exhibited lower prediction errors than regional SMP-based 21 

recommendations across all target pH levels. Notably, inclusion of SMP buffer pH did not improve model 22 

performance when broader chemical or spectral descriptors were available. These results demonstrate that 23 

curve-based ML approaches provide a viable alternative to equilibrium-based buffer methods by enabling 24 

continuous, soil-specific representation of liming response. This framework supports a transition from static 25 

recommendation systems to dynamic, data-driven strategies, laying the foundation for precision liming. 26 
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1. Introduction 29 

Soil acidity remains a major constraint to crop production in temperate regions, as it reduces nutrient availability, 30 

restricts root growth, and increases the solubility of toxic elements such as aluminum (Fageria and Baligar, 2008; 31 

Goulding, 2016). Soil pH is therefore a key integrator of soil chemical functioning, controlling base cation 32 

availability, aluminum toxicity, and long-term soil fertility (Sumner and Noble, 2003; von Uexküll and Mutert, 33 

1995). Under these conditions, liming remains the primary management practice for ameliorating acid soils. Its 34 

effectiveness, however, depends critically on the accurate estimation of LR, defined as the amount of calcium 35 

carbonate needed to raise soil pH to a target value suitable for crop production (Shoemaker et al., 1961; Adams, 36 

1984; Tran and Van Lierop, 1982). Because LR depends not only on initial pH but also on soil buffering capacity, 37 

exchange processes, and organo-mineral interactions, inaccurate estimation may lead to both under-liming and 38 

over-liming, with agronomic and economic consequences (Thomas and Hargrove, 1984; Sumner and Noble, 2003; 39 

Fageria and Baligar, 2008). 40 

Soil–lime incubation is widely regarded as the agronomic reference for LR calibration, as it directly captures the 41 

soil pH response to increasing lime additions while allowing time for equilibration between the soil and the 42 

amendment (Woodruff, 1948; Adams, 1984; Liu et al., 2004; Godsey et al., 2007). However, incubation is 43 

impractical for routine laboratory use due to its high cost, long equilibration times, and intensive sample-handling 44 

requirements (Alley and Zelazny, 1987; Kissel et al., 2007). To overcome these limitations, buffer-based methods 45 

were developed to infer LR from a single equilibrium measurement (Van Lierop, 1990). Among them, the 46 

Shoemaker–McLean–Pratt (SMP) buffer method became the dominant operational approach in North America, 47 

enabling rapid conversion of buffer pH into lime recommendations using regional calibration tables (Shoemaker 48 

et al., 1961; Follett and Follett, 1983; Van Lierop and Tran, 1983). Despite their operational simplicity, SMP-based 49 

systems exhibit both structural and conceptual limitations. Their calibration relies on empirical relationships 50 

derived from relatively small and region-specific datasets, which may not adequately represent broader 51 

pedological variability (McLean et al., 1978; Tran and Van Lierop, 1982). More fundamentally, by condensing soil 52 

neutralization demand into a single buffer pH value, these approaches reduce a continuous, soil-specific process 53 

to a single scalar descriptor. This simplification cannot explicitly account for the combined effects of exchangeable 54 

acidity, pH-dependent charge, aluminum hydrolysis, and mineral–organic interactions that govern soil buffering 55 
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behavior. As a result, lime recommendations can be highly sensitive to small analytical deviations; for example, 56 

differences of ±0.2 pH units in SMP measurements may translate into uncertainties of approximately ±2–3 t ha⁻¹ 57 

in LR for Québec soils (Lemire et al., 2006). In addition, these systems typically provide recommendations for only 58 

a limited number of predefined target pH values, leaving little flexibility to adjust liming decisions to crop 59 

requirements, economic conditions, or site-specific constraints. Similar concerns have been raised in other 60 

regions. In France, COMIFER (2009) revised its LR recommendation framework to place greater emphasis on 61 

cation exchange capacity (CEC) and base saturation, partly in response to the observed variability of soil pH 62 

measurements across sampling periods. This shift illustrates the need to rely on more stable pedological 63 

descriptors when pH-based indicators alone do not provide sufficiently robust guidance. The case for alternatives 64 

is further strengthened by the use of SMP buffer solutions involving reagents associated with recognized 65 

environmental and health concerns (IARC, 2012; NIOSH, 2013; Sikora, 2006; Wolf et al., 2008). These limitations 66 

point to the need for a different conceptual framework for lime recommendation. Rather than predicting a single 67 

lime rate linked to a limited set of fixed pH targets, a more flexible approach is to model the soil neutralization 68 

response itself. This involves reconstructing the relationship between pH change and increasing CaCO₃ 69 

application rates, and then deriving LR for any user-defined target pH. Such a framework replaces static, table-70 

based recommendations with a continuous, soil-specific description of neutralization behavior, more closely 71 

aligned with how liming decisions are made in practice. This concept was first demonstrated by Jouichat and 72 

Khiari (2026), who showed that complete neutralization curves could be reconstructed from titration data using 73 

machine-learning models based on chemical and spectral predictors. That work established a key proof of 74 

concept: soil buffering behavior can be inferred from high-dimensional soil information rather than approximated 75 

through a single buffer measurement. However, titration reflects short-term chemical equilibria and does not fully 76 

capture the kinetics of neutralization observed under incubation conditions. Because incubation has historically 77 

underpinned agronomic LR calibration, extending dynamic modeling beyond titration to incubation represents a 78 

critical, more relevant step. 79 

The present study was designed to address this challenge. It extends dynamic, machine-learning-based 80 

reconstruction from titration-derived to incubation-derived neutralization curves, thereby targeting the 81 

experimental framework most directly linked to agronomic LR determination. Using a large dataset of soils 82 
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spanning a wide pedological gradient across Eastern North America, this study provides a robust basis for 83 

reassessing conventional LR estimation approaches and developing more generalizable alternatives. In addition, 84 

it evaluates multiple predictor families that differ in analytical cost and operational requirements, including RC, 85 

DPC, VisNIR spectroscopy, and MIR spectroscopy. Together, these approaches define a flexible, multi-level 86 

prediction framework adaptable to diverse laboratory contexts. 87 

The objective of this study was therefore to determine whether machine-learning models can reconstruct 88 

incubation-derived neutralization curves and provide flexible, soil-specific LR estimates across a wide diversity 89 

of acid soils. Specifically, we (i) evaluated the ability of different predictor families to predict soil pH change and 90 

reconstruct neutralization curves, (ii) assessed their performance for estimating LR across target pH values, and 91 

(iii) examined their potential to support a transition from static, buffer-based recommendation systems toward 92 

dynamic, response-based approaches for precision liming. 93 

2. Materials and methods 94 

2.1. Soil sampling and routine analysis 95 

A total of 400 soils were included in this study, covering a broad pedological gradient across eastern North 96 

America. The dataset comprised 363 soils from Québec, 7 from Ontario, 15 from Prince Edward Island, and 15 97 

from the state of Maine, USA (Fig. 1). After collection, all samples were air-dried under laboratory conditions and 98 

gently crushed to pass a 2 mm sieve before analysis. This soil collection overlaps substantially with that used in 99 

Jouichat and Khiari (2026). Still, the present study extends the analytical description to support incubation-based 100 

modeling and to evaluate multiple predictor families.  101 

To support the RC approach, water pH was measured at a 1:1 soil-to-solution ratio (v/v). SMP buffer pH was 102 

determined by adding a volume of SMP buffer equal to that of the soil–water suspension before pH measurement 103 

(CEAEQ, 2014; Shoemaker et al., 1961). Soil organic matter (SOM) was determined using the Walkley–Black 104 

procedure (Nelson and Sommers, 1982; Walkley and Black, 1934). Mehlich-3 extraction (Mehlich, 1984) was used 105 

to quantify a range of extractable major and trace elements, which were subsequently measured by inductively 106 

coupled plasma spectrometry (Thermo Jarrell-Ash model 61-E, Thermo Instrument, Franklin, MA). 107 
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To support the DPC approach, particle-size distribution was determined following the method of Day (1965), from 108 

which sand, silt, and clay contents were obtained. CEC, exchangeable base cations (Ca²₍NH₄OAc₎, Mg²⁺₍NH₄OAc₎, 109 

K⁺₍NH₄OAc₎, and Na⁺₍NH₄OAc₎), and base saturation were determined using ammonium acetate extraction at pH 7 110 

method according to Lavkulich (1981) and CPVQ (1997). Mehlich-3 extractable Al (AlM3) was considered part of 111 

the routine chemical signature, whereas ammonium acetate extractable Al was quantified together with 112 

exchangeable base cations during the CEC procedure; however, exchangeable acidity-related Al was represented 113 

by the KCl-extractable fraction. Exchangeable acidity (H⁺ + Al³⁺) was measured by potassium chloride extraction 114 

and titration, as described by Thomas (1982).  115 

Descriptive statistics for all variables used in the RC and DPC predictor sets are presented in Table 1. 116 

Table 1 117 
Descriptive statistics of selected routine-chemistry and detailed pedological properties of 400 soils from Eastern 118 
North America. 119 
 120 

Soil property Mean SD Min Q125th Percentile Q250th Percentile Q375th Percentile Max Skewness Kurtosis 

Routine chemistry (RC): 

pHwater 5.67 0.60 4.05 5.24 5.71 6.12 6.89 -0.26 -0.43 

pHSMP 6.46 0.41 4.63 6.28 6.49 6.74 7.33 -1.17 2.50 

 
------------------------------------------------ g kg-1---------------------------------------------

- 
  

SOM 51.7 36.4 0.5 31.3 42.6 59.2 296.6 3.03 13.15 

 
------------------------------------------------ mg kg-1-------------------------------------------

- 
  

KM3 
124 127 7 52 88 148 1163 3.71 21.05 

CaM3 
1472 1049 45 743 1294 1950 6399 1.48 3.33 

MgM3 
172 158 6 63 119 219 901 1.67 2.64 

NaM3 
31 21 0 16 30 42 158 1.70 6.32 

BM3 55 223 0 3 3 6 1228 4.31 17 

CuM3 
1.85 1.74 0.00 0.89 1.54 2.24 18.02 3.75 23.93 

MnM3 
40.11 55.95 0.65 9.47 21.57 44.11 406.84 3.15 11.81 

ZnM3 
5.67 10.08 0.16 1.63 2.77 5.06 79.98 4.35 21.12 

MoM3 
0.07 0.32 0.00 0.00 0.00 0.01 2.98 5.66 35.31 

NiM3 
0.56 1.23 0.00 0.00 0.26 0.64 18.07 8.98 112.02 
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CdM3 
0.07 0.06 0.00 0.04 0.06 0.08 0.55 3.00 14.29 

CrM3 
0.13 0.13 0.00 0.06 0.11 0.17 1.06 3.24 17.74 

Co M3 
0.25 0.24 0.00 0.13 0.20 0.31 3.30 6.44 73.62 

Pb M3 
1.50 1.32 0.00 0.79 1.23 1.83 12.42 3.54 20.65 

 ----------------------------------------------- mg L-1---------------------------------------------   

PM3 61.45 64.84 1.94 20.03 37.30 77.20 401.00 2.18 5.42 

FeM3 199.60 87.92 0.58 150.75 195.50 244.25 662.49 0.48 2.83 

AlM3 969.86 484.6 3.30 676.75 852.00 1265 2540 0.56 0.34 

          

Detailed pedological characterization (DPC) 

 
------------------------------------------------ g kg-1---------------------------------------------

- 
  

Clay 134 118 0 60 93 159 633 1.80 2.78 

Sand 511 209 67 355 526 670 969 -0.13 -0.75 

Silt 355 150 4.8 240 349 451 754 0.21 -0.44 

 ------------------------------------------------ cmol+ kg-1----------------------------------------   

CEC 23.02 12.77 4.32 14.86 20.18 27.48 124.95 2.58 12.53 

KNH₄OAc 0.31 0.31 0.00 0.11 0.23 0.42 2.8 2.71 12.75 

CaNH₄OAc 9.38 7.89 0.04 4.75 8.14 12.35 92.00 4.03 33.38 

MgNH₄OAc 1.67 1.65 0.00 0.60 1.09 2.03 8.34 1.70 2.42 

NaNH₄OAc 0.31 3.22 0.05 0.04 0.08 0.17 63.21 19.38 375.88 

AlNH₄OAc 0.06 0.12 0.00 0.01 0.02 0.05 0.85 4.11 19.41 

Exch. acidity  0.39 0.81 0 0.05 0.1 0.28 5.65 3.67 14.61 

 
--------------------------------------------------- % ----------------------------------------------

- 
  

Base saturation 49 23 1 37 52 66 92 0.16 2.98 

pHwater: soil pH measured in water; pHSMP: SMP buffer pH: SOM: Soil organic matter; M3: Mehlich-3 extractable; CEC: cation 

exchange capacity; NH₄OAc: ammonium acetate (pH 7.0); Exch. acidity: exchangeable acidity (Al³⁺ + H⁺); SD: standard 

deviation; Min: minimum; Max: maximum; Q1: first quartile (25th percentile); Q2: median (50th percentile); Q3: third 

quartile (75th percentile). 

2.2. Soil–CaCO₃ incubation procedure 121 

The incubation experiment was designed to generate soil-specific neutralization curves describing the long-term 122 

pH response of each soil to increasing CaCO3 additions. For each soil, seven CaCO3 rates (D0–D6) were applied, 123 
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including an untreated control and six increasing lime rates. The highest rate was selected to ensure that soil pH 124 

reached or exceeded neutrality. To account for differences in soil buffering capacity, the applied CaCO3 rates were 125 

defined according to LR classes derived from the soil–Ca(OH)2 titration procedure described by Jouichat and 126 

Khiari (2026). Table 2 summarizes the graduated CaCO3 rates used for the different LRTit classes. Following dose 127 

selection, the required amount of laboratory-grade CaCO3 was weighed with an analytical balance (±0.0001 g) 128 

and thoroughly dry-mixed with 200 g of soil. The amended samples were then incubated at controlled room 129 

temperature (21–25 °C) for 23 weeks. During incubation, water was added weekly to maintain soil moisture near 130 

field capacity, and the samples were periodically mixed to promote uniform lime–soil contact. At the end of the 131 

incubation period, soils were air-dried, and the final pH was measured in a 1:1 soil-to-water suspension. The 132 

resulting dataset was used to derive continuous pH-gain response curves rather than only endpoint LR values. 133 

Table 2.  134 
CaCO₃ application rate scheme used for soil incubation across LRTit classes. 135 
 136 

LRTit (t ha-1) D₀ D₁ D₂ D₃ D₄ D₅ D₆ 

< 4 

0.0 

0.25 0.50 1.00 2.00 3.00 6.00 

4 – 8 0.50 1.00 2.00 4.00 6.00 10.00 

8 – 12 1.00 3.00 6.00 9.00 12.00 16.00 

12 – 16 1.50 3.00 6.00 9.00 15.00 20.00 

16 – 20 3.00 6.00 9.00 12.00 18.00 26.00 

> 20 4.00 8.00 12.00 20.00 28.00 40.00 

𝑳𝑹𝑻𝒊𝒕 denotes the lime requirement estimated from soil–Ca(OH)₂ titration, expressed 
as t ha⁻¹ CaCO₃ equivalent, according to Jouichat and Khiari (2026); D0 is the 

untreated control; D1–D₆ represent the six CaCO₃ application rates used in the 

incubation experiment. 

 137 
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2.3. Spectral data acquisition 138 

To characterize the soils, both MIR and VisNIR spectra were acquired. Spectral measurements followed the same 139 

general procedures as those used by Jouichat and Khiari (2026) to maintain analytical consistency between the 140 

titration- and incubation-based datasets. 141 

2.3.1. Mid-infrared (MIR) 142 

Air-dried soil samples were finely ground to pass a 0.2 mm sieve before MIR analysis. Spectra were collected in 143 

transmission mode with a Bruker TENSOR II spectrometer (Bruker Optics, Billerica, MA, USA), equipped with an 144 

HTS-XT module and an MCT detector. The spectral range extended from 599.79 to 3997.15 cm-1, with a nominal 145 

data interval of 1.43 cm-1 and a spectral resolution of 4 cm-1, as configured in OPUS. For each soil, four replicate 146 

measurements were obtained from four separate wells of a stainless-steel sample holder, and the averaged 147 

spectrum was retained for subsequent analyses. Before each measurement series, a reference spectrum was 148 

recorded from an empty well with an anodized aluminum base to account for instrumental drift and atmospheric 149 

contributions. 150 

2.3.2. Visible–near infrared (VisNIR) 151 

For VisNIR analysis, air-dried soil samples sieved to 2 mm were scanned in diffuse reflectance mode in a dark 152 

room using an ASD FieldSpec 4 spectroradiometer (Analytical Spectral Devices Inc., Boulder, CO, USA). Spectra 153 

were collected over the 350–2500 nm range at 1 nm intervals. The soil was placed in a glass vial, and reflectance 154 

was measured directly above the vial opening. A Spectralon white reference standard was scanned before each 155 

batch to correct for instrument drift and ambient light variation. 156 

2.4. Modeling incubation-derived neutralization curves 157 

To describe soil-specific neutralization responses under incubation, the observed pH values were first expressed 158 

as pH gain relative to the initial condition, rather than as absolute pH values. For a given soil, pH gain at lime rate 159 

x was defined as the difference between the equilibrium pH measured after incubation and the initial soil pH 160 

before CaCO3 addition. Expressing the response in this way isolates the net effect of liming and facilitates 161 
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comparison among soils with differing initial pH values. The relationship between pH gain and increasing CaCO3 162 

rates was then described using a two-parameter Mitscherlich-type exponential model (Mitscherlich, 1909) (Eq. 163 

1). 164 

𝜟𝒑𝑯(𝒙) = 𝑨(𝟏 − 𝒆−𝒌 𝒙) (𝟏) 165 

Where pH(x) is the predicted pH gain at lime rate x (t ha-1), A is the asymptotic maximum pH gain, and 𝒌 is a 166 

curvature parameter controlling how rapidly the response approaches its asymptote. Predicted absolute pH 167 

values were reconstructed by adding the initial soil pH, pH0 to the modeled pH gain (Eq. 2). 168 

𝒑𝑯(𝒙) = 𝒑𝑯𝟎 + 𝜟𝒑𝑯(𝒙), (𝟐)  169 

with pH0 the initial soil pH. 170 

Model parameters (A, k) were estimated for each soil by nonlinear least squares using the Levenberg–171 

Marquardt algorithm (Levenberg, 1944; Marquardt, 1963). Initial values were set as 𝑨𝟎 = 𝒑𝑯𝒎𝒂𝒙,obs − 𝒑𝑯𝟎,172 

 𝒌𝟎 = 𝟎. 𝟏, with the constraints 𝑨 ≥ 𝟎 and 𝒌 > 𝟎.  173 

Once fitted, the model provided a continuous neutralization curve from which the lime requirement (LRInc) 174 

corresponding to any target pH (pHTarget) could be analytically derived. Solving Eq. (2) for x gives (Eq. 3). 175 

𝑳𝑹𝑰𝒏𝒄 = −
𝟏

𝒌
 𝐥𝐧 (𝟏 −

𝒑𝑯𝑻𝒂𝒓𝒈𝒆𝒕 − 𝒑𝑯𝟎

𝑨
) (𝟑) 176 

Where LRInc is the incubation-derived lime requirement, expressed as t ha-1 CaCO3 equivalent. This 177 

formulation enables continuous estimation of lime requirement for any user-defined target pH, rather 178 

than restricting recommendations to a limited set of predefined thresholds. 179 

2.5. Spectral preprocessing and feature engineering 180 

Before model development, MIR and VisNIR spectra were standardized to reduce dimensionality, minimize 181 

edge-related noise, and improve compatibility across spectral datasets. MIR spectra were restricted to the 650–182 
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3950 cm-1 range, whereas VisNIR spectra were restricted to 450–2450 nm. The trimmed spectra were then 183 

resampled to constant intervals of 10 cm-1 for MIR and 10 nm for VisNIR. This step removed spectral regions 184 

dominated by instrumental noise or atmospheric interference while reducing collinearity and computational 185 

burden without materially affecting the chemical information available for prediction. A preliminary exploratory 186 

evaluation showed that this reduced-resolution representation preserved predictive performance while 187 

substantially improving computational efficiency, and was therefore retained for all subsequent analyses. To 188 

account for variation in sample presentation and light-scattering effects, several spectral pretreatment strategies 189 

were then evaluated. The standard normal variate (SNV) was used to correct for multiplicative scatter associated 190 

with particle-size heterogeneity and packing differences (Barnes et al., 1989; Rinnan et al., 2009). Savitzky–Golay 191 

smoothing without differentiation (SG0) was used to attenuate high-frequency noise while preserving major 192 

absorption features, whereas the first-derivative form (SG1) was used to reduce baseline effects and enhance the 193 

resolution of overlapping peaks (Savitzky and Golay, 1964). Detrending (DT) was also tested after SNV to correct 194 

residual curvature in the spectral baseline using a second-order polynomial adjustment (Barnes et al., 1989; 195 

Rinnan et al., 2009). The different pretreatment combinations were assessed separately for MIR and VisNIR data 196 

through preliminary model calibration to identify the preprocessing pipeline yielding the best predictive 197 

performance in each spectral domain. Based on this procedure, SG1-SNV was retained for MIR spectra, whereas 198 

SG1 alone was retained for VisNIR spectra (Fig. 2).  199 

2.6. Target variable and predictor sets 200 

The reconstruction of incubation-derived soil neutralization curves was based on the prediction of pH gain in 201 

response to laboratory-grade CaCO3 application. For each soil and each amendment rate, pH gain was defined (Eq. 202 

4). 203 

𝚫𝒑𝑯𝒊 = 𝒑𝑯𝒊 − 𝒑𝑯𝟎 (𝟒) 204 

where 𝒑𝑯𝒊 is the equilibrium soil pH measured after the 𝒊th CaCO₃ addition and 𝒑𝑯𝟎 is the initial soil pH measured 205 

before amendment. Expressing the response as pH gain rather than absolute pH allowed the models to focus on 206 

the net neutralization response of each soil independently of its initial pH level.  207 
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Three main classes of predictive models were evaluated to compare the respective and combined contributions 208 

of chemical and spectral information: chemical-only, spectral-only, and hybrid models. In all cases, cumulative 209 

CaCO₃ rate (t ha⁻¹) was included as an essential covariate because of its direct mechanistic relationship with soil 210 

neutralization response. 211 

Within the chemical-only class, two nested predictor sets were defined. The RC set included only routine analytical 212 

variables. The DPC-based set extended RC by adding the detailed pedological characterization, namely cation 213 

exchange capacity, exchangeable bases, base saturation, exchangeable acidity, and particle-size fractions. To 214 

assess the dependence of model performance on the SMP buffer test, which remains the main operational method 215 

for LR estimation in the study region (Shoemaker et al., 1961; CEAEQ, 2014), both DPC and RC were further 216 

evaluated with and without SMP buffer pH. Two additional simplified chemical configurations were also tested: 217 

an SMP-only model, including SMP pH and CaCO3 rate only, and a pH-pair model combining water pH, SMP pH, 218 

and CaCO3 rate. 219 

The spectral-only class relied exclusively on preprocessed spectral data, either MIR or VisNIR, together with 220 

CaCO3 rate. These models were intended to assess the predictive potential of each spectral domain without 221 

support from wet-chemistry variables. The hybrid class combined one or both spectral domains with selected 222 

chemical predictor sets, including water pH alone, RC (with or without SMP), and DPC (with or without SMP). 223 

These combinations were designed to test whether spectral and chemical information provided complementary 224 

value for reconstructing incubation-derived neutralization curves, and to quantify the additional contribution of 225 

detailed pedological variables. 226 

To identify the most informative predictors among the chemical variables, all DPC-, RC-, and hybrid-based 227 

chemical inputs were first screened for multicollinearity using pairwise Pearson correlations. For each pair of 228 

variables with ∣ 𝒓 ∣> 𝟎. 𝟕𝟓, one variable was removed before model fitting. The reduced chemical predictor set 229 

was then submitted to recursive feature elimination with cross-validation (RFECV) (Guyon et al., 2002). In this 230 

procedure, chemical predictors were evaluated sequentially based on their contribution to cross-validated model 231 

performance, whereas MIR and VisNIR data were treated as single blocks rather than individual wavelengths. 232 

This block-wise strategy avoided the computational burden associated with wavelength-by-wavelength 233 
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elimination, preserved the internal structure of spectral information, and restricted feature selection to the 234 

chemical domain. At each iteration, the subset of predictors yielding the highest mean validation R2 was retained. 235 

Pure spectral models were not subjected to RFECV, and in hybrid models each spectral domain counted as a single 236 

feature block. 237 

2.7. Model algorithms and evaluation strategy 238 

2.7.1. Random forest 239 

Random forests (Breiman, 2001) were used as a nonparametric ensemble learning method to model the 240 

relationship between predictor sets and soil pH gain. The method combines many regression trees, each fitted to 241 

a bootstrap sample of the training data, while introducing additional randomness by considering only a subset of 242 

predictors at each split. This dual randomization reduces variance, limits overfitting, and improves predictive 243 

robustness. For a given input vector X, the random forest prediction is obtained by averaging the outputs of the 244 

individual trees (Eq. 5). 245 

𝒚̂ =
𝟏

𝒎
∑ 𝑻𝒋(𝑿)

𝒎

𝒋=𝟏

. (𝟓) 246 

where 𝑚 is the number of trees in the ensemble, and Tj(X) is the prediction produced by the jth tree. The 247 

hyperparameters optimized for the random forest models included the number of trees, maximum tree depth, 248 

the number of predictors considered at each split, the minimum number of samples required to split an internal 249 

node, and the minimum number of samples required in terminal nodes. 250 

2.7.2. Cubist 251 

Cubist (Quinlan, 1992) was used as a rule-based regression algorithm to model complex relationships between 252 

the predictor sets and soil pH gain. The method partitions the predictor space into a series of regions defined by 253 

rule conditions and fits a multivariate linear regression model within each terminal region. In this way, Cubist 254 

combines the flexibility of tree-based partitioning with the local interpretability of linear models. To improve 255 

predictive stability, Cubist can aggregate several rule-based models, referred to as committees, and obtain the 256 
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final prediction by averaging their outputs. Additional refinement can be introduced through nearest-neighbor 257 

smoothing, in which the rule-based prediction is adjusted based on the observed responses of the most similar 258 

training samples. The hyperparameters optimized for Cubist included the number of committees, the maximum 259 

number of rules per committee, and the number of neighbors used for smoothing. 260 

2.7.3. Model training, hyperparameter optimization, and evaluation 261 

All models were trained and evaluated using a soil-level splitting strategy to ensure that observations from the 262 

same incubation curve were kept within the same subset. The dataset was first divided into 80% training soils 263 

and 20% hold-out soils. Hyperparameters were optimized within the training subset using Bayesian optimization 264 

implemented with Optuna (Akiba et al., 2019). A total of 100 optimization iterations were performed, and each 265 

candidate configuration was assessed by fivefold cross-validation using mean squared error as the optimization 266 

criterion. All models were implemented in Python 3.12 (Van Rossum and Drake, 2009). Random forest models 267 

were trained using scikit-learn 1.5 (Pedregosa et al., 2011), and Cubist models were fitted using the Cubist 0.1.3 268 

package for Python (Quinlan, 1992). Random forest was used for all chemical-only model configurations, whereas 269 

Cubist was used for all spectral-only and hybrid model configurations. The optimal hyperparameter combination 270 

was then used to refit the final model on the complete 80 % training subset. Evaluation A consisted of applying 271 

the tuned model to the independent 20% hold-out subset. This evaluation provided a fully independent 272 

assessment of pointwise predictive performance after model selection and hyperparameter optimization. 273 

Evaluation B was designed to evaluate model performance across the full dataset while enabling reconstruction 274 

of all incubation curves. Using the hyperparameters selected during Evaluation A, a tenfold cross-validation was 275 

performed at the soil level on the entire dataset, such that all observations from a given soil were assigned to the 276 

same validation fold and each soil was predicted exactly once. This procedure enabled comparison of observed 277 

and predicted pH-gain profiles for each soil and the derivation of curve-level prediction errors, in addition to 278 

summary performance metrics. The overall workflow, from feature preprocessing and model fitting to the two-279 

stage evaluation procedure, is summarized in Fig. 3. 280 

2.8. Performance metrics 281 
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Model performance was assessed using complementary metrics describing prediction accuracy, explained 282 

variance, relative predictive ability, and systematic deviation between observed and predicted values. These 283 

metrics included the root mean squared error (RMSE), coefficient of determination (R2), ratio of performance to 284 

interquartile distance (RPIQ), regression slope, regression intercept, and bias. RMSE was used to quantify the 285 

average magnitude of prediction errors (Eq. 6).  286 

RMSE = √
𝟏

𝑵
∑(𝒚𝒊 − 𝒚𝒊̂)

𝟐

𝑵

𝒊=𝟏

(𝟔) 287 

where 𝒚𝒊 ands, 𝒚𝒊̂ are the observed and predicted values, respectively, and 𝑁 is the number of observations. 288 

Lower RMSE values indicate better predictive accuracy. The coefficient of determination was calculated as (Eq. 289 

7).  290 

𝑹𝟐 = 𝟏 −
∑ (𝒚𝒊 − 𝒚𝒊̂)

𝟐𝑵
𝒊=𝟏

∑ (𝒚𝒊 − 𝒚̅)𝟐𝑵
𝒊=𝟏

(𝟕) 291 

where 𝒚̅ is the mean of the observed values. Higher R2 values indicate that the model explains a greater proportion 292 

of the observed data's variance. RPIQ was used to express predictive performance relative to the spread of the 293 

observed data: (Eq. 8). 294 

RPIQ =
IQR

RMSE
(𝟖) 295 

where IQR is the interquartile range of the observed values. Higher RPIQ values indicate better predictive 296 

performance relative to data variability. To evaluate systematic agreement between predictions and observations, 297 

a simple regression of predicted values against observed values was also considered. The slope was calculated as 298 

(Eq. 9). 299 

 Slope =
∑ (𝒚𝒊 − 𝒚̅)(𝒚𝒊̂ − 𝒚̂)𝑵

𝒊=𝟏

∑ (𝒚𝒊 − 𝒚̅)𝟐𝑵
𝒊=𝟏

(𝟗) 300 

and the intercept as (Eq. 10): 301 

 Intercept = 𝒚̂ −  Slope × 𝒚̅ (𝟏𝟎) 302 
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where 𝒚̅ and 𝒚̂ are the means of observed and predicted values, respectively. A slope close to 1 and an 303 

intercept close to 0 indicate good agreement between predicted and observed values. Bias was calculated as (Eq. 304 

11): 305 

𝑩𝒊𝒂𝒔 =
𝟏

𝑵
∑(𝒚𝒊̂ − 𝒚𝒊)

𝑵

𝒊=𝟏

(𝟏𝟏) 306 

Bias values close to 0 indicate limited systematic over- or under-prediction.  307 

For Evaluation A, all performance metrics were computed on the independent hold-out subset. For Evaluation B, 308 

the same metrics were calculated for each validation fold, and their mean across folds was used to summarize 309 

model consistency and generalization performance. 310 

2.9. Permutation-based feature importance 311 

Permutation importance was used to quantify each predictor's contribution to model performance by 312 

measuring the increase in prediction error caused by randomly shuffling its values, thereby disrupting its 313 

relationship with the response variable (Altmann et al., 2010). For each predictor and for each validation fold of 314 

Evaluation B, the predictor values were randomly permuted 30 times while all other inputs were left unchanged. 315 

After each permutation, the root mean squared error (RMSE) was recalculated, and the corresponding increase 316 

in error relative to the unpermuted model was recorded as ΔRMSE. The importance score of a given predictor 317 

was then computed as the mean ΔRMSE, first averaged across the 30 permutations within each fold and then 318 

across all folds. Predictors associated with larger increases in RMSE were interpreted as making a stronger 319 

contribution to model performance. 320 

2.10 Comparison with regional SMP-based recommendation protocols 321 

To benchmark the proposed machine-learning and incubation-derived LR estimates against current regional 322 

practices, we applied the SMP-buffer recommendation tables used in Québec and Ontario. Québec 323 

recommendations were taken from the Centre de référence en agriculture et agroalimentaire du Québec (CRAAQ, 324 

2010), whereas Ontario recommendations were taken from Munroe et al. (2018). In both cases, the tables provide 325 

CaCO3 rates (t ha-1) required to raise soil pH to predefined target values based on measured SMP buffer pH. For 326 
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each soil, the measured SMP buffer pH was matched to the closest tabulated buffer class in each provincial guide, 327 

and the corresponding recommended CaCO3 rate was extracted. The Québec guide recommends target pH values 328 

of 5.5, 6.0, and 6.5, whereas the Ontario guide includes an additional target pH of 7.0. These SMP-based 329 

recommendations were compared with two alternative sources of LR: 330 

 Incubation-derived lime requirements (𝑳𝑹𝑰𝒏𝒄), calculated analytically from Mitscherlich-fitted 331 

neutralization curves (Eq. 3); 332 

 Machine-learning–predicted lime requirements (𝑳𝑹𝒑𝒓𝒆𝒅) obtained in three steps. First, predicted 333 

pH gain values (𝚫𝒑𝑯𝒙̂) at each of the six nonzero CaCO3 rate were added to the soil’s initial pH 334 

(𝒑𝑯𝟎) reconstruct the predicted pH-rate curve (Eq. 12): 335 

𝒑𝑯̂𝒙 = 𝒑𝑯𝟎 + 𝚫𝒑𝑯𝒙̂, (𝟏𝟐) 336 

reconstruct the predicted pH-rate curve   (𝒙, 𝒑𝑯̂𝒙) was fitted to the Mitscherlich model (Eq. 1) to re-estimate the 337 

asymptote 𝑨 and curvature parameter 𝒌. Third, for each agronomic target pH (𝒑𝑯target) the corresponding LRpred 338 

was obtained by inverting the fitted model as described in Eq. (3). 339 

Finally, SMP-based recommendations were compared against the incubation-derived reference LRInc by 340 

calculating RMSE at each target pH. This comparison was used to evaluate the accuracy of standard SMP protocols 341 

and to quantify the extent to which machine-learning-based recommendations can reproduce or improve upon 342 

regional lime recommendation systems. 343 

2.11 Reconstruction of predicted neutralization curves  344 

Under deployment conditions, the trained model predicts pH gain as a function of soil descriptors and CaCO3 345 

application rate, but it does not directly return a complete neutralization curve. A curve reconstruction step was 346 

therefore introduced to recover the predicted soil-specific pH response across a continuous, agronomically 347 

relevant range of lime rates. For a given soil, the model was evaluated over a monotonically increasing vector of 348 

candidate CaCO3 rates, 349 

𝐱 = {𝒙𝟏, 𝒙𝟐, … , 𝒙𝑵}, 𝒙𝟏 = 𝟎,      𝒙𝒊+𝟏 > 𝒙𝒊, 350 
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yielding a corresponding sequence of predicted pH gains 𝚫𝒑𝑯̂(𝒙𝒊) , for i =1,…, N. Predicted absolute pH values 351 

were then reconstructed as 𝒑𝑯̂(𝒙𝒊) = 𝒑𝑯𝟎 + 𝚫𝒑𝑯̂(𝒙𝒊), where pH0 is the initial soil pH. The resulting sequence 352 

constitutes an empirical predicted neutralization curve for the soil under consideration. To ensure that the 353 

reconstructed curve spanned the agronomically relevant domain, the upper limit of the CaCO3 rate vector was 354 

determined from a predefined ceiling pH value 𝒑𝑯𝐜𝐞𝐢𝐥. Specifically, the smallest rate 𝒙𝐜𝐞𝐢𝐥 such that (Eq. 13) 355 

𝒇(𝒙) = 𝒑𝑯̂(𝒙) − 𝒑𝑯𝐜𝐞𝐢𝐥 ≥ 𝟎. (𝟏𝟑) 356 

was identified. Under the assumption that the predicted neutralization response is monotonic with 357 

increasing lime rate, this corresponds to a one-dimensional threshold-crossing problem. In practice, two 358 

complementary numerical strategies were evaluated: incremental threshold scanning and bracketed root finding. 359 

To prevent unrealistic extrapolation in cases where 𝒑𝑯̂(𝒙) did not reach 𝒑𝑯𝐜𝐞𝐢𝐥 within a plausible agronomic 360 

range, a maximum allowable rate 𝒙𝐦𝐚𝐱was also imposed. The effective upper bound of the reconstructed rate 361 

domain was therefore defined as (Eq. 14) 362 

𝒙𝐮𝐩𝐩𝐞𝐫 = 𝐦𝐢 𝐧(𝒙𝐜𝐞𝐢𝐥, 𝒙𝐦𝐚𝐱) , (𝟏𝟒) 363 

Once the interval [𝟎, 𝒙𝐮𝐩𝐩𝐞𝐫] had been defined, the reconstructed curve was used to infer the lime rate required to 364 

reach any target pH such that 𝒑𝑯𝐭𝐚𝐫𝐠𝐞𝐭 ≤ 𝒑𝑯𝐜𝐞𝐢𝐥. This inversion could be performed directly on the sampled 365 

response or after fitting a compact monotonic function, such as the Mitscherlich model, to stabilize the estimation. 366 

In this way, curve reconstruction and LR estimation were treated as two consecutive steps of the same inference 367 

framework: first recovering the predicted neutralization response, and then extracting the lime rate associated 368 

with any user-defined target pH. 369 

3. Results 370 

3.1. Comparative performance of chemical, spectral, and hybrid models for pointwise prediction of pH 371 

gain 372 

All models evaluated in this study were able to predict soil pH gain (ΔpH) with good overall accuracy across the 373 

full set of soil × CaCO3 rate combinations (Table 3). However, clear differences in predictive performance emerged 374 

across the types and levels of input information, allowing a consistent hierarchy to be established among model 375 

families. Overall, models based on detailed pedological characterization (DPC and DPC+) achieved the highest 376 

performance, followed closely by hybrid models combining chemical and spectral information. Models relying 377 

solely on routine chemical analyses (RC and RC+) also showed strong predictive ability, comparable to that of 378 
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mid-infrared spectral models (MIR). Among spectral approaches, MIR consistently outperformed visible–near-379 

infrared (VisNIR) models, which showed lower predictive performance. 380 

In contrast, minimal models, including the SMP-only model and the dual-pH model (pHwater–pHSMP), performed 381 

substantially worse than all other approaches (Table 3). It is important to note that the SMP and dual-pH models 382 

considered in this section were recalibrated on the present incubation dataset, and therefore do not correspond 383 

to the regional SMP-based recommendation tables currently used in Québec and Ontario. These operational 384 

recommendation systems are evaluated separately in a later section. A more detailed interpretation based on 385 

complementary performance criteria further clarifies this hierarchy. In terms of precision and as shown in Table 386 

3, the best-performing models exhibited RMSE values of approximately 0.23–0.26 pH units, whereas VisNIR and 387 

minimal models showed higher errors, reaching approximately 0.31 and 0.35–0.39 pH units, respectively. 388 

Robustness, assessed by the coefficient of determination (R2), followed the same pattern, with values exceeding 389 

0.90 for the DPC, hybrid, RC, and MIR models, indicating a high level of predictive performance, while the VisNIR 390 

and minimal models remained below this threshold. Model exactitude, evaluated through regression slope and 391 

intercept (Fig. 4), showed that DPC, RC, and MIR models effectively captured the magnitude and structure of ΔpH 392 

variations, with slopes generally close to or above 0.90 and intercepts below 0.10. 393 

In contrast, VisNIR models exhibited slightly lower slopes, indicating a reduced ability to reproduce the full 394 

amplitude of pH changes. Despite these differences, systematic bias remained low across all models, with mean 395 

prediction errors close to zero. The RPIQ metric further confirmed the relative predictive performance of the best 396 

models, with values exceeding 5 for DPC, RC, and MIR, compared with lower values for VisNIR and minimal 397 

models.  398 

Table 3. 399 
Predictive performance of all machine-learning models evaluated for pointwise prediction of soil pH gain under 400 
independent hold-out testing and 10-fold cross-validation.  401 

Model R2
a RMSEa RPIQa slopea intercepta R2

b RMSEb RPIQb slopeb interceptb 

MIR 0.879 0.307 4.826 0.852 0.081 0.903 0.257 5.171 0.93 0.072 

VisNIR 0.841 0.351 4.217 0.833 0.106 0.856 0.313 4.253 0.884 0.101 

DPC+ 0.898 0.274 5.268 0.898 0.086 0.921 0.232 5.74 0.916 0.081 

DPC 0.896 0.277 5.213 0.896 0.088 0.921 0.239 5.558 0.914 0.087 

RC+ 0.882 0.303 4.883 0.865 0.098 0.902 0.259 5.143 0.9 0.096 

RC 0.88 0.305 4.846 0.868 0.097 0.9 0.26 5.108 0.902 0.096 
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SMP 0.8 0.394 3.759 0.779 0.144 0.823 0.347 3.836 0.838 0.15 

dual-pH(pHwater-pHSMP) 0.8 0.394 3.758 0.779 0.144 0.823 0.346 3.839 0.838 0.149 

MIR-DPC+ 0.908 0.262 5.524 0.893 0.068 0.918 0.232 5.633 0.935 0.063 

MIR-DPC 0.896 0.284 5.218 0.871 0.074 0.921 0.231 5.75 0.933 0.065 

MIR-RC+ 0.893 0.288 5.145 0.859 0.082 0.914 0.242 5.504 0.931 0.072 

MIR-RC 0.893 0.288 5.145 0.859 0.082 0.914 0.242 5.504 0.931 0.072 

MIR-pHwater 0.887 0.296 4.999 0.86 0.085 0.91 0.247 5.381 0.936 0.064 

VisNIR-DPC+ 0.9 0.278 5.316 0.887 0.076 0.918 0.237 5.622 0.922 0.073 

VisNIR-DPC 0.902 0.276 5.359 0.888 0.079 0.919 0.234 5.682 0.927 0.067 

VisNIR-RC+ 0.88 0.306 4.842 0.87 0.104 0.903 0.257 5.176 0.917 0.079 

VisNIR-RC 0.887 0.296 5.003 0.878 0.099 0.903 0.257 5.176 0.916 0.081 

VisNIR-pHwater 0.852 0.34 4.359 0.856 0.099 0.876 0.291 4.574 0.904 0.087 

MIR-VisNIR 0.869 0.319 4.633 0.831 0.083 0.903 0.256 5.186 0.922 0.074 

MIR-VisNIR-DPC+ 0.891 0.291 5.085 0.882 0.06 0.916 0.24 5.549 0.931 0.064 

MIR-VisNIR-DPC 0.901 0.277 5.34 0.872 0.074 0.914 0.242 5.505 0.927 0.07 

MIR-VisNIR-RC+ 0.88 0.305 4.857 0.841 0.078 0.903 0.257 5.172 0.925 0.072 

MIR-VisNIR-RC 0.876 0.31 4.767 0.845 0.071 0.896 0.265 5.013 0.932 0.065 

MIR-VisNIR-pHwater 0.876 0.31 4.767 0.845 0.071 0.896 0.265 5.013 0.932 0.065 

a: denotes independent hold-out evaluation (20% of soils); b denotes 10-fold cross-validation across the full dataset. R²: coefficient of 
determination; RMSE: root mean squared error; RPIQ: ratio of performance to interquartile distance; slope and intercept: parameters of 

the regression between observed and predicted pH; MIR: mid-infrared spectroscopy; VisNIR: visible–near infrared spectroscopy; DPC: 
detailed pedological characterization; RC: routine chemistry; SMP: model using SMP buffer pH and CaCO3 rate; dual-pH: model using 
both pHwater and pHSMP together with CaCO3 rate. + indicates inclusion of SMP buffer pH within the corresponding chemical feature set. 
 

 402 

The regression diagnostics shown in Fig. 4 visually highlight these differences, with the DPC and MIR models 403 

showing the closest alignment to the 1:1 line and the lowest dispersion across the full range of ΔpH values. RC 404 

models exhibited a similar behavior, while VisNIR models showed greater scatter, particularly at higher pH gains. 405 

Feature importance analysis provides insight into the underlying drivers of model performance. For spectral 406 

models (Fig. 5), MIR-based predictions relied on information distributed across a wide spectral domain, 407 

suggesting a comprehensive integration of soil properties related to acidity neutralization. In contrast, VisNIR 408 

models depended on more localized spectral regions, which may explain their lower and less stable performance. 409 

For chemical models (Fig. 6), the CaCO3 application rate was consistently the dominant predictor, followed by key 410 

soil properties such as initial pH, SOM, and CEC in DPC models, or Mehlich-3 extractable elements in RC models. 411 

These results indicate that accurate prediction of ΔpH requires a coherent combination of descriptors that reflect 412 
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both soil buffering capacity and initial acidity. Minimal models, including the SMP-only and dual-pH models, 413 

performed significantly worse, with higher RMSE and lower R2 values. Although these models capture some 414 

information about soil acidity, their limited number of predictors limits their ability to capture the complexity of 415 

soil neutralization processes. 416 

Hybrid models combining chemical and spectral predictors generally improved predictive performance relative 417 

to single-domain models. In particular, combinations involving MIR and DPC (MIR–DPC and MIR–DPC+) achieved 418 

the highest overall performance. However, these gains were sometimes marginal compared with DPC alone, 419 

suggesting that spectral information may become partially redundant when detailed pedological descriptors are 420 

already available. Taken together, these results indicate that no single model provides a universally optimal 421 

solution. Rather, the different model families define a structured range of predictive options adapted to varying 422 

analytical contexts. DPC models offer the highest performance when detailed soil characterization is available, 423 

whereas RC models provide a robust and immediately transferable solution based on routine analyses. MIR 424 

models emerge as the most effective spectral alternative, combining strong predictive performance with high 425 

potential for rapid deployment. In contrast, VisNIR models and minimal approaches based on SMP or dual-pH 426 

measurements remain less performant but may still be relevant in contexts with limited analytical capacity. 427 

3.2. Reconstruction of incubation-derived neutralization curves 428 

The results presented in Section 3.1 showed that the different models accurately predicted pH gain (ΔpH) across 429 

the full set of soil × CaCO3 rate combinations. However, the agronomic relevance of these models primarily lies in 430 

their ability to reconstruct, for a given soil, the complete neutralization response as a function of CaCO3 431 

application. This step represents a higher level of integration, in which pointwise predictions are combined to 432 

recover full soil-specific neutralization curves. 433 

The variability of these curves can be interpreted in light of the parameters of the Mitscherlich model fitted to the 434 

incubation data, summarized in Table 4. The parameters A and k describing the asymptotic pH gain and the rate 435 

of approach to this asymptote, respectively, exhibit substantial variability across soils. This dispersion reflects the 436 

heterogeneity of buffering behavior and neutralization dynamics within the dataset, and provides a useful 437 

framework for interpreting differences in reconstruction performance among models. The reconstructed profiles 438 
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shown in Fig. 7 can therefore be viewed as predictive approximations of these Mitscherlich-type responses, 439 

allowing a direct comparison between observed and reconstructed curve shapes. Within this framework, soil-440 

specific predictors were held constant, and each model was used to predict ΔpH across the range of CaCO3 441 

application rates. This approach enabled the reconstruction of complete neutralization profiles for each soil, 442 

directly comparable to the observed incubation curves. 443 

Table 4. 444 
Descriptive statistics of Mitscherlich parameters (𝐴 and 𝑘) across the studied soils. 445 

 446 
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 462 

Fig. 7 presents representative examples of reconstructed curves for the MIR, VisNIR, DPC, and RC models, 463 

corresponding to different levels of reconstruction error, namely the minimum, first quartile (Q1), median, third 464 

quartile (Q3), and maximum RMSE values. This representation provides a concise overview of model performance 465 

across the full dataset, without requiring inspection of individual curves. For low-error cases (minimum, Q1, and 466 

 A k 

mean 3.90 0.100 

std 3.04 0.132 

min 0.39 0.003 

Q1 2.13 0.038 

Q2 2.94 0.074 

Q3 3.87 0.126 

max 12.00 2.010 

skewness 1.80 8.733 

kurtosis 2.17 115.606 

A: asymptotic maximum pH change (pH) predicted 

by the Mitscherlich model. k: neutralization rate 

constant controlling the curvature of the ΔpH/CaCO₃ 

response. mean: arithmetic mean; std: standard 

deviation; min: minimum; max: maximum; Q1: first 

quartile (25th percentile); Q2: median (50th 

percentile); Q3: third quartile (75th percentile). ΔpH: 

change in soil pH relative to the initial soil pH before 

CaCO₃ addition. 
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median RMSE), all models exhibited excellent agreement with observed neutralization trajectories. Predicted 467 

curves closely followed the experimental responses across the full range of CaCO3 rates, capturing both the initial 468 

rapid increase in pH and the progressive approach to a plateau. In these situations, differences among models 469 

were minimal, indicating that accurate pointwise predictions translate directly into reliable reconstruction of 470 

complete response curves. As reconstruction error increased (Q3), discrepancies between observed and 471 

predicted curves became more pronounced, particularly at higher CaCO3 rates, where the progressive saturation 472 

of the response is more difficult to capture. Nevertheless, even under these conditions, the models generally 473 

preserved the overall shape of the curves, including the monotonic increase and the relative magnitude of ΔpH. 474 

The cases associated with the highest RMSE values highlight the most challenging soils in the dataset. In these 475 

extreme profiles, substantial deviations between observed and reconstructed curves were observed, both in the 476 

maximum ΔpH reached and in the rate of approach to the plateau. These situations are consistent with the strong 477 

variability observed in the Mitscherlich parameters, particularly the wide dispersion and skewness of 𝑘 values 478 

reported in Table 4. Even under these conditions, chemical models (DPC and RC) showed greater reconstruction 479 

stability than purely spectral models, with lower maximum errors. In contrast, MIR, and especially VisNIR, 480 

exhibited greater variability in these extreme cases, suggesting increased sensitivity to atypical or highly 481 

nonlinear neutralization responses. 482 

Overall, these results demonstrate that the quality of neutralization-curve reconstruction remains high for the 483 

majority of soils, with strong agreement between observed and predicted profiles. They confirm that the 484 

predictive performance at the pointwise ΔpH level is sufficient to recover complete soil-specific response 485 

functions reliably. This reconstruction capability constitutes a key step toward agronomic application, as it 486 

enables the estimation of a continuous relationship between soil pH and CaCO3 application rate for each soil. It 487 

therefore provides a flexible basis for determining LRs across a range of target pH values, in contrast to traditional 488 

approaches that rely on fixed recommendation classes. 489 

3.3. Inference-time reconstruction of predicted neutralization curves 490 

The application of the models to a new soil differs fundamentally from the experimental incubation framework. 491 

In the dataset, each neutralization curve was observed at seven fixed CaCO3 application rates. Under deployment 492 

conditions, however, these rates are not known a priori for a new soil, and the full neutralization curve must 493 
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therefore be reconstructed from model predictions over a dynamically defined range of CaCO3 rates. As illustrated 494 

in Fig. 8 and described in Section 2.11, this reconstruction is achieved by evaluating the model over a 495 

monotonically increasing sequence of candidate CaCO3 rates, thereby generating predicted pH gains across an 496 

agronomically relevant range. The predicted ΔpH values are then converted into absolute pH values using the 497 

initial soil pH (pH0), obtained from routine soil analyses. This step enables the transition from pointwise 498 

predictions of pH gain to a continuous pH/ CaCO3 response curve that can be directly interpreted for agronomic 499 

decision-making. The objective is therefore not to reproduce the original experimental rates, but to reconstruct, 500 

for each new soil, a neutralization curve over a range of CaCO3 rates that adequately spans agronomically relevant 501 

target pH values and extends slightly beyond neutrality. As detailed in Section 2.11, the upper bound of this range 502 

is defined using a ceiling-pH criterion so that the reconstructed curve covers the domain required for reliable LR 503 

estimation while avoiding unrealistic extrapolation. In practice, the candidate rate domain was evaluated over a 504 

discretized grid (N=100, Δx=0.3 t ha−1), with the upper bound constrained to a maximum agronomically plausible 505 

application rate of 50 t ha−1. Under the assumption of a monotonic pH response with increasing CaCO3 rate, the 506 

threshold-crossing problem admits a unique solution, which was identified using either incremental threshold 507 

scanning (ITS) or Brent’s root-finding method. 508 

Once the predicted curve has been reconstructed, the LR corresponding to any target pH can be derived by 509 

inversion of the Mitscherlich relationship, following the framework presented in Section 2.4. In this sense, the 510 

inference process can be viewed as a two-step procedure: first reconstructing the soil-specific neutralization 511 

response over a relevant CaCO3 rate range, and then extracting from this curve the CaCO3 rate required to reach 512 

a user-defined target pH. Within this context, the comparative evaluation of ITS and Brent’s method was used to 513 

quantify the computational efficiency of curve reconstruction under deployment conditions. This benchmarking 514 

exercise reflects the time required for an end user to obtain, from a single soil sample, a complete reconstructed 515 

neutralization curve together with the corresponding lime requirement prediction. Inference time varied 516 

substantially depending on input dimensionality and inversion strategy. For spectral models using full-resolution 517 

features, reconstruction required approximately 7.8 s per sample for VisNIR and 10.9 s for MIR using ITS, whereas 518 

Brent’s method required more than 100 s per sample in both cases. Application of the trimming and subsampling 519 

protocol described in Section 2.5.1 reduced these times markedly, to approximately 1.2–1.6 s per sample with ITS 520 
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and 20–27 s per sample with Brent’s method. In contrast, models based on chemical predictors required less than 521 

0.1 s per sample with ITS and less than 3 s per sample with Brent’s method. Across all configurations, ITS 522 

consistently outperformed Brent’s method, with the largest advantage observed for high-dimensional spectral 523 

models. 524 

Overall, these results demonstrate that inference-time reconstruction of predicted neutralization curves is not 525 

only feasible but also computationally efficient, particularly when using chemical predictors or preprocessed 526 

spectral inputs. Together with the workflow summarized in Fig. 8, they show that the proposed framework can 527 

be implemented in practice to generate soil-specific neutralization curves and derive lime requirements for 528 

flexible target pH values, thereby supporting a transition from discrete, table-based recommendations toward 529 

continuous, model-based decision systems. 530 

3.4. Comparison of model-derived lime requirements with regional SMP-based recommendations 531 

Fig. 9 compares the root mean squared errors (RMSEs) of LR estimates derived from the models developed in this 532 

study with those from the regional recommendation systems currently used in Québec and Ontario, across target 533 

pH values of 5.5, 6.0, 6.5, and 7.0. This comparison provides a direct assessment of the extent to which model-534 

based reconstruction of neutralization curves can improve LR estimation relative to conventional table-based 535 

approaches. It is important to distinguish here between two categories of SMP-based approaches. On the one 536 

hand, the SMP and dual-pH models presented in this study correspond to minimal models recalibrated on the 537 

present incubation dataset. On the other hand, the values labeled Québec and Ontario in Fig. 9 correspond to 538 

regional tabular recommendations derived from previously established calibration tables or charts, which remain 539 

in operational use for estimating LRs at predefined target pH levels. The former therefore represent data-driven 540 

recalibration based on current observations, whereas the latter reflect legacy recommendation systems derived 541 

from earlier regional calibrations. Overall, LR estimates derived from models trained on incubation data 542 

consistently showed lower RMSE values than those from regional SMP-based recommendation tables across all 543 

target pH values. This trend indicates that approaches based on continuous reconstruction of neutralization 544 

curves provide a more accurate representation of soil behavior than fixed tabular systems. Among the evaluated 545 

models, those based on DPC exhibited the lowest errors throughout, with RMSE increasing from 0.86 t ha-1 at pH 546 

5.5 to 2.98 t ha−1 at pH 7.0. RC models followed closely, with RMSE values increasing from 0.96 t ha−1 at pH 5.5 to 547 

3.41 t ha−1 at pH 7.0. These results indicate that the most accurate LR estimates were obtained from models that 548 
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incorporated either detailed pedological information or routine chemistry, and that the performance advantage 549 

of these models was maintained even at the highest target pH values. The spectral models (MIR and VisNIR) 550 

showed a more contrasted pattern relative to RC. At lower target pH values (5.5 and 6.0), they remained 551 

competitive, with RMSE values generally below 1.5 t ha -1. However, this ranking reversed at higher target pH 552 

values. At pH 6.5, spectral-model errors were slightly higher than those of RC, and at pH 7.0 they increased sharply 553 

to values above 4 t ha−1, compared with 3.41 t ha−1 for the RC model. This pattern suggests that spectral-only 554 

approaches remain effective for moderate LRs but become less reliable when prediction depends strongly on the 555 

upper, asymptotic portion of the neutralization curve. The recalibrated SMP and dual-pH models occupied an 556 

intermediate position. While they remained less accurate than models relying on richer chemical or spectral 557 

information, they still outperformed the regional tabular recommendations. Their errors also increased steeply 558 

with target pH, exceeding 5 t ha−1 at pH 7.0. This result shows that even minimal recalibration based on current 559 

incubation data can improve predictive accuracy relative to legacy regional systems, although it does not match 560 

the performance of the more informative model families. The regional SMP-based recommendation systems for 561 

Québec and Ontario had the highest overall RMSE values, particularly at higher target pH values. At pH 6.5, RMSE 562 

reached approximately 3.8 t ha−1 for the Québec table and 4.5 t ha−1 for the Ontario table. At pH 7.0, LR estimates 563 

were available only from the Ontario recommendation system, for which RMSE exceeded 7 t ha−1. These values 564 

were substantially higher than those obtained with any of the best-performing model-based approaches. Taken 565 

together, these results show that the models developed in this study do not simply reproduce existing 566 

recommendation systems, but provide a measurable improvement in predictive accuracy while also allowing 567 

flexible estimation for any target pH. More broadly, they support a transition from discrete, table-based 568 

recommendation frameworks toward continuous, model-based decision systems grounded in soil-specific 569 

neutralization responses. 570 

4. Discussion 571 

4.1. Toward precision liming: reliability, deployability, and practical relevance of neutralization curve 572 

reconstruction 573 

The results clearly demonstrate that the machine-learning framework developed in this study extends beyond 574 

point prediction and provides a robust basis for precision liming through soil-specific reconstruction of 575 

neutralization response curves. By formulating the response as pH gain (ΔpH) rather than absolute pH, the models 576 
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capture the intrinsic buffering behavior of soils while explicitly accounting for initial soil pH as an input variable. 577 

This formulation isolates the soil’s neutralization dynamics and aligns with classical concepts of buffer capacity, 578 

defined as the change in pH per unit of base added rather than as an absolute pH value (Godsey et al., 2007; Sikora 579 

and Moore, 2008). Across all evaluated models, ΔpH was predicted with high accuracy over a wide range of soils 580 

and CaCO3 application rates, with a clear hierarchy in model performance (Table 3). Models based on detailed 581 

pedological characterization (DPC) achieved the highest predictive performance, followed by routine chemistry 582 

(RC), MIR, and VisNIR, while recalibrated SMP and dual-pH models showed comparatively lower accuracy. This 583 

hierarchy reflects the progressive level of information contained in each feature set and confirms that soil 584 

buffering behavior can be reliably inferred from both chemical and spectral signatures. Importantly, this 585 

predictive accuracy translates into reliable functional reconstruction of neutralization curves, as illustrated in Fig. 586 

7, where predicted profiles closely match observed incubation responses across soils. This result demonstrates 587 

that the models do not merely fit pointwise observations but successfully capture the underlying shape and 588 

asymptotic behavior of soil neutralization responses. Such capability is critical for practical applications, where 589 

the objective is not only to predict individual values but to describe the full response trajectory of a soil to liming. 590 

A key contribution of this work is the explicit resolution of the deployment challenge for new soils. In practice, a 591 

new soil is never associated with predefined CaCO3 application rates, and the full response curve must be 592 

reconstructed from limited input data. The proposed framework addresses this limitation by generating 593 

predictions over a dynamically defined rate domain, converting ΔpH into absolute pH using measured pH0, and 594 

reconstructing a continuous pH/CaCO3 response curve before inversion. The overall workflow, summarized in 595 

Fig. 8, demonstrates how soil descriptors are translated into a complete, soil-specific response function, enabling 596 

LR estimation for any target pH without requiring experimental dose-response data for the soil under 597 

consideration. From an operational perspective, the feasibility of this approach is supported by the observed 598 

inference times. Despite the need to evaluate models over multiple candidate rates, the combination of efficient 599 

numerical strategies and spectral dimensionality reduction ensures that curve reconstruction and LR estimation 600 

remain computationally tractable. In particular, models based on routine chemistry or preprocessed spectral data 601 

achieve inference times compatible with laboratory workflows and decision-support applications. This confirms 602 

that the proposed framework is not only theoretically sound but also practically deployable.  603 
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Beyond methodological considerations, the agronomic implications of this approach are substantial. Traditional 604 

recommendation systems, particularly those based on SMP buffer methods, provide a single lime dose associated 605 

with a limited set of predefined target pH values. In contrast, reconstructing continuous neutralization curves 606 

transforms the target pH into a flexible decision variable. This shift is central to precision liming, as it allows 607 

producers and advisors to select target pH values based on crop requirements, economic considerations, and risk 608 

management. For instance, in crops sensitive to excessive liming, such as potato, avoiding overcorrection of soil 609 

pH is critical to prevent diseases such as common scab. The ability to derive the LR for any chosen pH level 610 

provides a level of control not achievable with conventional tabular systems.  611 

This transition from fixed-dose recommendations to continuous, soil-specific response functions is further 612 

supported by the comparison with regional SMP-based systems (Fig. 9). The lower prediction errors obtained 613 

with model-based approaches, combined with their flexibility, highlight the limitations of legacy tabular systems 614 

and reinforce the relevance of dynamic modeling frameworks for modern soil fertility management. Taken 615 

together, these results demonstrate that the proposed approach provides a complete and operational solution for 616 

new soils, integrating accurate ΔpH prediction, neutralization curve reconstruction, and flexible LR estimation. 617 

This combination of robustness, deployability, and agronomic relevance supports a shift in liming practices in 618 

North America, from rigid, table-based systems toward adaptive, model-based strategies grounded in soil-specific 619 

behavior. It establishes a strong foundation for the development of precision liming tools.  620 

4.2. Mechanistic interpretation of chemical and spectral controls governing ΔpH reconstruction 621 

The variable importance patterns observed in this study indicate that the reconstruction of ΔpH is governed by 622 

predictors that are fully consistent with the known mechanisms of soil acidity neutralization. Across all model 623 

families, CaCO3 application rate emerged as the dominant predictor, reflecting the inherently dose-dependent 624 

nature of liming. However, predictive performance was not driven solely by lime rate. The models' ability to 625 

accurately reconstruct neutralization curves depended critically on their capacity to capture the soil's initial 626 

chemical state, its buffering capacity, and the structure of its acidity pools. As shown in Figs. 5 and 6, the most 627 

performant models rely on combinations of variables that collectively describe these complementary dimensions. 628 
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In models based on detailed pedological characterization (DPC), the most influential predictors included CEC, 629 

initial soil pH, SOM content, texture, exchangeable acidity, and selected exchangeable cations. This set of variables 630 

captures multiple components of soil buffering systems. Among them, CEC plays a central role, as it integrates the 631 

density of exchange sites associated with clay minerals and SOM, thereby representing a fundamental 632 

determinant of resistance to pH changes (Sumner and Miller, 1996; Sparks, 2003). This interpretation is 633 

consistent with classical approaches to liming, in which buffering capacity has long been related to the size and 634 

composition of the exchange complex. Although such pedological characterization has sometimes been 635 

underutilized in routine recommendations due to higher analytical costs, it remains grounded in robust 636 

physicochemical principles. In this context, it is particularly noteworthy that the COMIFER (2009) framework 637 

reintroduced CEC and base saturation as central variables for lime recommendation in France, following 638 

observations that several acidity indicators exhibited significant variability depending on the timing of soil 639 

sampling. This shift toward more stable pedological descriptors underscores the need to rely on integrative 640 

variables that reflect soil structure rather than transient chemical states. The strong importance of CEC observed 641 

in the present study aligns with this perspective. It confirms that it remains one of the most effective descriptors 642 

of soil buffering behavior and neutralization dynamics. The importance of initial soil pH further reflects its role as 643 

a proxy for the chemical state of the system, controlling processes such as aluminum hydrolysis and the 644 

neutralization of variable-charge sites (Thomas and Hargrove, 1984; Curtin and Trolove, 2013). SOM also plays a 645 

major role, both through its functional groups, which carry pH-dependent charges, and through its interactions 646 

with aluminum, which strongly influence buffering behavior in acidic soils (Haynes and Naidu, 1998; Bloom et al., 647 

1979). The simultaneous selection of clay content, exchangeable acidity, and ammonium acetate–extractable 648 

aluminum further confirms that DPC models capture multiple complementary components of the soil buffering 649 

system, rather than relying on a single proxy variable. 650 

Models based on routine chemistry (RC) relied on a more parsimonious yet highly informative set of predictors, 651 

including initial pH, SOM, and Mehlich-3-extractable elements such as calcium and aluminum. The recurrence of 652 

these variables across model types is particularly significant, as they correspond to measurements widely 653 

available in routine soil testing laboratories. Their importance suggests that standard analytical datasets already 654 

contain a substantial portion of the information required to predict liming response. This observation is 655 
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consistent with our previous work on titration curves (Jouichat and Khiari, 2026), where similar variables were 656 

sufficient to reconstruct ΔpH. The fact that they re-emerge here under incubation conditions further supports 657 

their robustness as descriptors of soil neutralization behavior. 658 

Spectral models capture these same controls more indirectly through signatures of mineralogy, organic matter, 659 

and physicochemical soil properties. The superior performance of MIR relative to VisNIR is consistent with the 660 

fact that the mid-infrared region is dominated by fundamental molecular vibrations, which are generally more 661 

chemically specific than the overtone and combination bands that characterize the VisNIR domain (Viscarra 662 

Rossel et al., 2006; Viscarra Rossel and Behrens, 2010; Ng et al., 2019, 2022). This difference is well established 663 

in soil spectroscopy and explains why MIR typically outperforms VisNIR for predicting chemically controlled soil 664 

properties. In the present study, the most informative MIR regions were consistent with absorptions associated 665 

with O–H functional groups in minerals and structural water, organic matter, and calcium- or carbonate-related 666 

environments, all of which are plausibly linked to soil buffering capacity and acid neutralization processes 667 

(Viscarra Rossel et al., 2006; Ng et al., 2022; Hume et al., 2022). Without over-interpreting individual bands, the 668 

overall pattern suggests that MIR captures an integrated signature of the mineral–organic system and its 669 

interaction with calcium, which explains its strong predictive performance. By contrast, the VisNIR domain 670 

appears to rely on broader and less chemically specific spectral features, particularly in the visible range, where 671 

soil color, iron oxides, and general pedogenic context dominate (Viscarra Rossel and Behrens, 2010; Viscarra 672 

Rossel et al., 2022). While these properties remain indirectly related to mineralogy and soil composition, their 673 

lower chemical specificity likely explains why VisNIR models reproduce neutralization responses less accurately, 674 

especially in the upper, asymptotic portion of the response curves, where precise characterization of buffering 675 

processes becomes critical. 676 

Taken together, these results demonstrate that the most accurate models are not based on arbitrary predictors, 677 

but on variables that directly or indirectly represent the key components of soil buffering systems: initial acidity 678 

status, exchange site density, organic matter contribution, mineral surfaces, and exchangeable acidity pools. This 679 

mechanistic consistency reinforces the credibility of the proposed modeling framework. It explains the observed 680 

hierarchy of model performance, in which DPC, RC, and MIR models outperform VisNIR and minimal SMP-based 681 

approaches. 682 
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4.3. Implications for lime recommendation: moving beyond SMP-based tabular systems toward 683 

dynamic response models 684 

The results of this study highlight fundamental limitations of lime recommendation systems based on tabular 685 

approaches, particularly those derived from SMP buffer pH. While these systems have historically provided 686 

simple, operational guidelines, they rely on discrete empirical relationships established for a limited number of 687 

target pH values and fail to capture the continuous variability in soil responses to liming. Direct comparison with 688 

current regional recommendation systems used in Québec and Ontario (Fig. 9) clearly shows that these 689 

approaches yield larger prediction errors than the models developed in this study, especially at higher target pH 690 

values, where LR estimation depends strongly on the response's curvature and asymptotic behavior. These 691 

limitations are not only methodological but also conceptual. Tabular systems reduce soil response to a static 692 

relationship between a single acidity indicator and a single lime rate. In contrast, the present results demonstrate 693 

substantial variability in soil-specific neutralization trajectories. The dispersion of Mitscherlich parameters 694 

(Table 4), particularly the asymptote 𝐴 and curvature parameter 𝑘, confirms that soils differ not only in their 695 

maximum achievable pH correction but also in the rate at which this correction occurs. Such variability cannot be 696 

adequately represented by a single lookup table linking an acidity indicator to a recommended lime rate. The 697 

fragility of single-indicator systems is further reinforced by the variability and uncertainty inherent in acidity 698 

measurements. In a comprehensive study of the temporal variability of soil fertility indicators in Québec, Chelabi 699 

et al. (2021) showed that soil pH measured in water (pHwater) can exhibit clear seasonal patterns, depending on 700 

soil type and sampling period, potentially leading to inconsistent diagnostic interpretations. Although pHSMP did 701 

not show a significant seasonal signal under the CEAEQ reproducibility criteria (CEAEQ, 2015), the authors 702 

emphasized that the accepted analytical tolerance for pHSMP in Québec (±0.2 units) may translate into LR errors 703 

of approximately ±2.5 t ha−1, which are difficult to account for in practical recommendations. They further 704 

highlighted that both pHwater and pHSMP, despite their widespread use, remain incomplete indicators when used 705 

alone, and it is recommended to integrate additional soil properties, such as texture, SOM, exchangeable 706 

aluminum, and CEC, to improve acidity diagnosis and LR estimation. These observations are consistent with the 707 

findings of the present study, where the most accurate models are those that move beyond single-indicator 708 

approaches and instead reconstruct a full soil response based on a broader set of descriptors. The proposed 709 

framework explicitly addresses this limitation by reintroducing the soil-specific neutralization curve as the 710 
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central element of lime recommendation. By combining predicted ΔpH responses (Table 3), reconstructed 711 

response profiles (Fig. 7), and an operational inference pipeline (Fig. 8), it is possible to derive LRs for any target 712 

pH without relying on predefined classes or tabular thresholds. This transition from a discrete to a continuous 713 

framework represents a major advancement. A fixed recommendation system no longer determines the target 714 

pH but becomes a flexible decision variable that can be adjusted to meet agronomic, economic, or environmental 715 

objectives. From a practical perspective, this shift has important implications for lime management systems in 716 

North America. Rather than prescribing a single rate derived from a static reference, the proposed approach 717 

provides a soil-specific response function, allowing users to explore multiple liming scenarios and select an 718 

appropriate target pH based on their specific constraints. This aligns closely with the principles of precision 719 

agriculture, where management decisions are increasingly tailored to site-specific conditions and production 720 

goals. Importantly, this transition does not rely on a single analytical pathway. The strength of the proposed 721 

framework lies in its flexibility, which allows different sources of soil information to be used within the same 722 

conceptual framework of curve-based recommendations. The key shift is therefore not from one analytical 723 

method to another, but from a static, indicator-based system to a dynamic, response-based paradigm that 724 

explicitly represents soil behavior under liming. The performance comparison of LR predictions (Fig. 9) further 725 

demonstrates that this approach not only provides conceptual improvements but also delivers measurable gains 726 

in predictive accuracy. In this context, dynamic models offer a robust alternative to conventional SMP-based 727 

systems, reducing reliance on buffer pH measurements while maintaining or improving recommendation 728 

precision. 729 

Overall, this study demonstrates that moving from tabular lime recommendations toward continuous, soil-730 

specific response functions is both feasible and desirable. By explicitly accounting for soil variability, reducing 731 

dependence on single acidity indicators, and enabling flexible target pH selection, this approach lays the 732 

foundation for a new generation of lime recommendation systems better aligned with the requirements of 733 

precision agriculture and sustainable soil management. 734 

5. Conclusion 735 
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This study demonstrates that LR can be determined from a fundamentally different perspective: not as a function 736 

of a single acidity indicator, but as the outcome of a soil-specific neutralization response reconstructed across 737 

amendment rates. By combining machine learning with Mitscherlich-type modeling, we show that soil acidity 738 

correction can be expressed as a continuous response function that captures both the magnitude and dynamics 739 

of pH change. The key contribution is not merely improved predictive performance over conventional SMP-based 740 

systems, but a redefinition of the recommendation framework itself. Liming is no longer treated as a fixed 741 

mapping between an indicator and a single rate, but as a dose–response relationship that allows flexible selection 742 

of target pH values and adaptation to agronomic, economic, and environmental constraints. This shift places soil 743 

behavior, rather than empirical tables, at the center of decision-making. A critical outcome of this work is the 744 

demonstration that such an approach is operationally deployable. Neutralization curves can be reconstructed for 745 

new soils using readily available chemical or spectral descriptors, without requiring experimental dose-response 746 

measurements. This enables direct estimation of LR for any desired target pH, making the framework compatible 747 

with real-world laboratory and advisory contexts. 748 

Taken together, these results establish a transition from static, table-based recommendations toward dynamic, 749 

data-driven liming strategies. By explicitly accounting for soil variability and enabling flexible decision-making, 750 

this approach provides a foundation for next-generation soil acidity management systems aligned with the 751 

principles of precision agriculture. 752 
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a. Importance of spectral features (MIR model)

b. Importance of spectral features (VisNIR model)
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Fig. 1. Study area, sampling distribution, and North American regions historically using the SMP buffer 

method. 

Red dots indicate the 400 soil sampling sites. Canadian provinces and U.S. states that historically 

reported using the Shoemaker–McLean–Pratt (SMP) buffer method are highlighted in ochre yellow. The 

red-dashed box outlines the main study area, and the inset provides a higher-resolution view of 

sampling density within this region. 

Fig. 2. Raw and preprocessed MIR and VisNIR spectra of the studied soils. 

(a) Raw MIR spectra; (b) raw VisNIR spectra; (c) preprocessed MIR spectra (SG1–SNV); and (d) 

preprocessed VisNIR spectra (SG1). Grey lines represent individual soil spectra, and the blue line 

represents the mean spectrum. 

 

Fig. 3. Workflow for ΔpH prediction and neutralization-curve reconstruction.  

The workflow includes spectral preprocessing, feature selection, model training, and model evaluation. 

Raw MIR and VisNIR spectra were first trimmed, subsampled, and preprocessed, yielding SG1–SNV for 

MIR and SG1 for VisNIR. Chemical and preprocessed spectral variables were then filtered for collinearity 

and submitted to recursive feature elimination with cross-validation (RFECV). Model development 

combined Bayesian hyperparameter optimization, training on 80% of the soils, unbiased testing on the 

remaining 20% (evaluation a), and robust 10-fold cross-validation on the full dataset (evaluation b). RF 

was used exclusively with chemical feature sets, whereas Cubist was used for spectral and hybrid 

feature sets. SG1: Savitzky–Golay first derivative; SNV: standard normal variate; RFECV: recursive feature 

elimination with cross-validation; RF: random forest; CV: cross-validation; MIR: mid-infrared; VisNIR: 

visible–near infrared. 

 

Fig. 4. Observed versus predicted ΔpH for representative model families under 10-fold cross-

validation.  

Scatterplots of measured versus predicted ΔpH for (a) mid-infrared spectroscopy (MIR), (b) visible–near 

infrared spectroscopy (VisNIR), (c) detailed pedological characterization (DPC), and (d) routine chemistry 

(RC). The dashed line represents the 1:1 relationship, and the red line represents the fitted regression. 

Performance metrics shown in each panel correspond to the 10-fold cross-validation evaluation. R2: 

coefficient of determination; RMSE: root mean squared error; RPIQ: ratio of performance to 

interquartile distance. 

 

Fig. 5. Permutation importance of spectral features for ΔpH prediction.  

Mean permutation importance values across spectral variables for (a) the mid-infrared (MIR) model and 

(b) the visible–near infrared (VisNIR) model. Higher values indicate spectral regions contributing more 

strongly to ΔpH prediction.  

 

Fig. 6. Permutation importance of selected predictors for ΔpH prediction. 

Mean permutation importance values of RFECV-selected features for (a) the detailed pedological 

characterization (DPC) model and (b) the routine chemistry (RC) model under 10-fold cross-validation. 

Higher values indicate greater contribution of individual predictors to ΔpH prediction. RFECV: recursive 

feature elimination with cross-validation; CEC: cation exchange capacity; OM: organic matter; BS: base 
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saturation; Exch. acidity: exchangeable acidity; M₃: Mehlich-3 extractable; NH₄OAc: ammonium acetate 

(pH 7). 

 

Fig. 7. Representative observed and predicted neutralization curves under 10-fold cross-validation. 

Observed and predicted ΔpH responses to CaCO3 application for soils corresponding to the minimum, 

first quartile (Q1), median, third quartile (Q3), and maximum curve-level root mean squared error 

(RMSE) in (a) the mid-infrared (MIR) model, (b) the visible–near infrared (VisNIR) model, (c) the detailed 

pedological characterization (DPC) model, and (d) the routine chemistry (RC) model. Points represent 

observed and predicted ΔpH values, and lines represent the corresponding fitted neutralization curves.  

 

Fig. 8. Inference-time workflow for reconstructing soil-specific neutralization curves and deriving lime 

requirement.  

Starting from soil descriptors and initial soil pH (pH0), the model predicts pH gain across a range of 

candidate CaCO3 rates. Predicted pH values are converted into absolute pH to reconstruct a soil-

specific pH/ CaCO3 response curve, from which lime requirement (LR) is derived for any target pH 

through parametric or non-parametric inversion. MIR: mid-infrared spectroscopy; VisNIR: visible–near 

infrared spectroscopy; RC: routine chemistry; DPC: detailed pedological characterization. 

 

Fig. 9. Root mean squared error (RMSE) of lime requirement estimates across target pH values.  

Fig. 9. Root mean squared error (RMSE) of lime requirement estimates across target pH values. 

RMSE between incubation-derived lime requirement and estimates obtained from machine-learning 

models based on detailed pedological characterization (DPC), routine chemistry (RC), mid-infrared 

spectroscopy (MIR), and visible–near infrared spectroscopy (VisNIR), as well as from reduced 

potentiometric models (SMP and dual-pH) and regional SMP table-based recommendations for Québec 

and Ontario, evaluated at target pH values of 5.5, 6.0, 6.5, and 7.0. SMP: Shoemaker–McLean–Pratt 

buffer pH; dual-pH: model using both pHwater and pHSMP as input variables. 
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