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17 Abstract
18  Digital soil mapping (DSM) produces spatially continuous soil information for land-use planning, carbon
19  accounting, and Earth system analysis, resting on the SCORPAN framework and its use of remote-sensing
20 and terrain covariates as indicators of soil-forming processes. Similar approaches estimate ecological and
21 hydrological conditions from vegetation, moisture, and climate data. Two assumptions receive little
22 scrutiny: that soil-covariate relationships stay constant in space and time, and that covariates act as
23 independent predictors. In reality vegetation, soil, and water form a coupled system in which each
24 influences the others, and the strength and even the direction of these interactions vary across landscapes
25  and shift over time. We argue that these dynamic relationships are an important but under-recognised source
26 of structural uncertainty, distinct from the sampling, measurement, and model-fitting error usually
27  partitioned in DSM. Drawing on wetlands, drylands, sloping farmland, burned watersheds, drought-affected
28  forests, and thawing permafrost, we show how the feedbacks break the assumptions behind DSM, why the
29  same problem affects land-surface, ecological, and hydrological models, and how mapping might be made
30  feedback-aware.
31 Keywords: DSM; prediction uncertainty, ecohydrology; SCORPAN, non-stationarity; transferability,
32 environmental modelling, endogeneity

33 1 Introduction

34  Soil information is increasingly needed at finer resolution for food production, carbon accounting, water
35  management, and climate policy (Adhikari & Hartemink, 2016). Conventional surveys cannot meet this
36  demand at scale, so digital soil mapping (DSM) predicts soil properties and classes from environmental
37  covariates using geostatistics or machine learning. SCORPAN expresses soil as a function of other soil
38  properties (s), climate (c), organisms (0), relief (r), parent material (p), age (a), and spatial position (n)
39  (McBratney et al., 2003), represented through raster covariates for DSM. Global products such as SoilGrids
40  now supply pixel-level uncertainty (Poggio et al., 2021), and reviews have consolidated modelling,
41  validation, and uncertainty methods (Wadoux et al., 2020).

42 Two assumptions underpin routine DSM but are rarely stated. Covariates are usually static, single-date
43 snapshots or long-term averages standing in for fixed soil-forming factors (Adeniyi et al., 2024; Hengl &
44  MacMillan, 2019), describing present conditions but saying little about how they evolve (Xia et al., 2022);
45  and the model is assumed stationary, letting relationships learned in well-sampled areas apply where data
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46  are sparse. These choices make large-scale prediction possible and often work (Hengl et al., 2017), and
47  recur in land-surface, ecological, and hydrological models built on comparable variables.

48  However, these assumptions sit uneasily with how soils form and evolve. Vegetation, soil, and water are
49  coupled (Li et al., 2022): vegetation builds structure and organic matter and partitions water, soil texture
50  and depth govern water supply, and the hydrological state of the surface, including its extremes, reshapes
51  both (Huang et al., 2025; Jarvis et al., 2024). Ecohydrology and critical-zone science place soil moisture
52 and the root-to-soil-to-rock interface at the centre of landscape evolution (Banwart et al., 2019; Brantley et
53  al, 2017; Moore et al., 2015), and ecology frames the same dynamics as plant-soil feedback (Bardgett &
54 van der Putten, 2014; van der Putten et al., 2013). This coupling is non-stationary: strength and sign differ
55  among climates, soils, and hydrological settings and shift through the year and between years (Frouz, 2024;
56  Pugnaire et al., 2019).

57  Studies of prediction uncertainty in digital soil mapping have advanced in quantifying and validating
58  uncertainty (Schmidinger & Heuvelink, 2023), attributing it to covariates (Rohmer et al., 2024), comparing
59  how approaches propagate it (Szatmari & Pasztor, 2025), and bounding where a model can be trusted
60  (Meyer & Pebesma, 2021), but they usually trace it to sampling, model choice, or covariate selection. We
61  instead focus on structural uncertainty: the error that arises when the assumed soil-covariate relationship
62  doesnot match the real soil-vegetation-water system, because that relationship is dynamic and bidirectional
63  rather than fixed. Distinct from the observational and model components already partitioned in DSM
64  (Heuvelink, 2018), it is the least explored. Pedometricians quantify map error but rarely trace it to system
65  dynamics, while ecohydrologists and ecologists describe the feedbacks but seldom follow them into
66  mapping. One mechanism, we argue, underlies both non-stationarity and poor transfer, which these fields
67  treat as separate problems.

68 2 The vegetation, soil, and water system as a coupled feedback network

69  We view vegetation, soil, and water as one system evolving through reciprocal feedbacks (Figure 1). Each
70  pair affects the other in both directions, so a relationship in which vegetation predicts soil is only one part
71 of aloop, and non-stationarity means the same predictor can represent different processes under different
72 conditions. Structural uncertainty is the map error from treating these dynamic properties as static and
73 stationary; unlike the usual modelling sense of the term, which concerns choice of algorithm or functional
74  form, here the structure is the soil-forming system itself, so the error persists even with the correct functional
75  form.
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77 Figure 1. Conceptual model of the bidirectional vegetation, soil, and water feedback system and its propagation into structural
78 uncertainty. Double-headed arrows denote reciprocal influence.

79  The couplings span scales, from the pore and root-to-soil interface to the region (Fatichi et al., 2016) and
80  from daily leaf exchange to pedogenesis over centuries (Amundson et al., 2015), which is part of why single
81 studies overlook them. They also cross thresholds and leave legacies that persist after the driver is gone
82  (Scheffer et al., 2001): dryland runoff redistribution generates vegetation patterns that shift abruptly as
83 aridity nears a threshold (Berdugo et al., 2020; Meron, 2012), and plant-soil feedbacks steer succession and
84  invasion (Bennett & Klironomos, 2019). Relationships therefore depend on local history rather than a single
85  transferable function.

86  SCORPAN writes soil as S = f(s, ¢, o, , p, a, n) + e, usually fitted as S = f{x) + e assuming exogenous
87  predictors, yet several informative covariates are states of the same system. Writing vegetation and
88  hydrological covariates as ¥ and W, Section 3 implies V' = g(S, W, t) and W = h(S, V, t), so x = x(S, t) and
89 the fitted relationship becomes implicit, S = f{x(S, ¢)) + e, with no single stationary solution. We call this
90  endogeneity, in a predictive rather than causal-inference sense (Trachsel & Telford, 2016). An endogenous
91  model can pass random cross-validation yet degrade under transfer where the feedback state differs, since
92  applicability diagnostics flag novel predictor values but not shifts in predictor-response relationships
93  (Dutschmann et al., 2024). Such covariates transfer well where feedback regimes are stable, but where
94 strength varies, in-sample accuracy overstates transferability; legacy soil-class maps used as covariates
95  carry the same problem. Endogeneity is the mechanism behind non-stationarity.

96 3 Evidence for the feedbacks

97  Vegetation drives soil and water through litter, roots, canopy, and microbes, building structure, adding
98  organic matter, and setting infiltration (Bardgett & van der Putten, 2014; Zhu et al., 2022). Ecology frames
99  this as plant-soil feedback, in which soil communities are themselves partly independent drivers of function

100  (Delgado-Baquerizo et al., 2016, 2018); plants can alter later growth by over a third through the soils they

101 create (Grenzer et al., 2021). Organic-matter inputs, whose quantity and quality depend on vegetation type,

102 setsoil carbon (Cotrufo et al., 2015), and vegetation, productivity, and water depth control carbon in coastal

103 and karst wetlands (Guo et al., 2025; Y. Wang et al., 2025). The sign is context-dependent: afforestation
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104 carbon change depends on slope, prior cover, and initial stocks, reversing between carbon-poor and carbon-
105  rich grasslands (Berthrong et al., 2012; Hou et al., 2020). Roots regulate infiltration non-monotonically,
106  organic matter raising it while fine roots clog pores (Rong et al., 2025), and crusts govern infiltration and
107  runoff in drylands (Cantén et al., 2020).

108  Soil drives vegetation and water in return: texture and depth set plant-available water and the vegetation a
109  site supports. Greenness, rainfall, and soil moisture covaried with soil type in Botswana (Nicholson &
110 Farrar, 1994), and phenology metrics improved soil prediction alongside parent material and topography
111 (Arayaetal.,, 2016; Avalos et al., 2024). Drought-mortality studies point to water-holding capacity, storage,
112 and depth as dominant controls (Cholet et al., 2022; Oucheikh et al., 2025; Stovall et al., 2019), nonlinearly,
113 with mortality low until about half the extractable water is gone (Meir et al., 2015). The coupling runs both
114 ways: adding soil layers cuts soil-moisture modelling error by about a quarter (Fathololoumi & Biswas,
115 2026), while dryland vegetation has shifted toward deeper water (Liu et al., 2025).

116 ~ Water and its extremes drive both: drought, flood, waterlogging, and fire reshape vegetation and soil, often
117  abruptly (Adeniyi & Balzarolo, 2026; Cheng et al., 2026; L. Wang et al., 2012). Water level outweighed
118  vegetation type for carbon and microbes in Poyang Lake wetland (Ren et al., 2022), with dry and saturated
119  extremes promoting carbon loss and intermediate moisture favouring storage (Enebe et al., 2025; Hao et
120 al., 2025), while erosion shifts Mollisol infiltration toward preferential flow (Y. Zhang et al., 2025). Fire
121 volatilises organic compounds into a water-repellent layer that sharply cuts infiltration and raises runoff,
122 recovering only with depth, time, and returning vegetation (DeBano, 2000; Gabarron-Galeote et al., 2013;
123 Hubbert et al., 2012). Thawing permafrost is the sharpest case: thermokarst subsidence alters the water
124 balance over metres and mobilises frozen carbon (Lathrop et al., 2025; Wright et al., 2022).

125  Three properties recur across these legs, each breaking smooth, reversible mapping: thresholds, where small
126  predictor changes near tipping points give large responses; legacies, where present covariates reflect past
127  states, as with post-fire repellency suppressing establishment; and hysteresis, where recovery follows a
128  different path from degradation, since permafrost and eroded profiles do not simply revert. The relationship
129  between covariates and soil is therefore history-dependent and locally contingent rather than universally
130 transferable.

131 4 Consequences for digital soil mapping

132 SCORPAN itself does not require static or independent proxies; practice settled on both largely because
133 consistent time-series were scarce. Vegetation-to-soil and soil-to-water relationships differ by climate, soil,
134 slope, and hydrological state, and can reverse sign (Kim et al., 2017; Troch et al., 2013; Yetemen et al.,
135 2010). A stationary model fitted across that variation captures an average that is locally wrong, and because
136  these departures track soil, vegetation, and landform, the error is spatially structured, leading to the most
137  consequential kind for a map. Local-coefficient methods respond in part, fitting a relationship per location
138  or separating fixed from spatially varying effects (C. Zhang et al., 2011; Zeng et al., 2016), but treat non-
139  stationarity as spatial when the feedbacks are also temporal. Transferability work is the closest precedent,
140  motivating the area of applicability (Ludwig et al., 2023) and showing that soil-to-environment
141  relationships grow erratic through time as covariates drift (T. Zhang et al., 2024); validation should
142 therefore test transfer across space and time, not average accuracy alone.

143 Operational covariates are single-date or long-term-average layers, spatial gradients standing in for
144 temporal dynamics. Vegetation status changes seasonally and is obscured by cloud, so dense fused imagery



https://doi.org/10.5194/egusphere-2026-4516
Preprint. Discussion started: 7 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

145  improves class separability over a few clear scenes (H. Yang et al., 2023; Schillaci et al., 2017), and
146  phenology and time-series covariates, including Fourier harmonics and the bare-soil window, improve
147  carbon mapping (Bueno et al., 2025; L. Yang et al., 2020). Space-and-time DSM now maps soil change at
148  continental scale (Heuvelink et al., 2021; C. Yang et al., 2025), exposing that a model can predict the soil
149  state accurately yet its temporal trend poorly (Broeg et al., 2024).

150  Covariates are also entangled: a vegetation index partly encodes the soil's water supply, and soil moisture
151  partly reflects the vegetation that transpires it (Pradhan, 2019), so the covariates driving the best estimate
152 need not drive its uncertainty (Rohmer et al., 2024). Topography and near-surface hydrology redistribute
153 water and set feedback direction (Gnann et al., 2025); in discontinuous permafrost, snow and water content
154  controlled the thermal regime more than a 140 km air-temperature gradient, shifting estimated carbon
155  uptake by about 60 percent (Shirley et al., 2022); parent material stays among the top covariates even as
156  vegetation dynamics are added (Avalos et al., 2024); and land-use change resets feedbacks directly (Deng
157 et al, 2014; Gentine et al., 2012). Hydromorphic, transitional, data-scarce, and steep or contrasting-
158  substrate zones are already flagged as high-uncertainty (Alencar Sobrinho et al., 2026); we add that non-
159  stationarity is greatest where feedbacks are strong.

160  This error survives perfect data and any algorithm, hence a distinct class (Table 1). Misspecification
161  assumes one true relationship approximated imperfectly, but here none exists: the relationship is a function
162 of system state at each location and time, so a flexible learner fits realised states without recovering one
163 that is undefined out of sample. Probabilistic predictions should therefore be checked for reliability and
164  sharpness, since a map can be accurate on average yet over- or under-confident where feedbacks are strong,
165  and direct and indirect mapping propagate uncertainty differently where covariates are entangled (Szatmari
166 & Pasztor, 2025). Since end-users differ in how they want uncertainty represented (Courteille et al., 2025),
167  a map confidently wrong in a predictable zone is riskier than one uniformly uncertain, which is a failure
168  standard cross-validation conceals when validation points share the training feedback state.

169 Table 1. Sources of prediction uncertainty in digital soil mapping, with the proposed structural (feedback) class. The final
170 row is the contribution of this paper.

Component Origin Recognised in Relation to feedback-driven uncertainty
DSM?
Attribute Measurement and laboratory Yes Independent of covariate dynamics
error in soil observations
Covariate (input) Error and selection in predictor Yes Treats covariates as fixed, possibly noisy
layers inputs
Model (structure) Algorithm and functional-form Yes Assumes one true relationship exists to
misspecification approximate
Positional / support ~ Location error, scale, and Yes Geometric, not relational
support mismatch
Structural (feedback  Predictor is an outcome of the Not as a named Proposed here; persists with perfect data
/ endogeneity) target system, so the relationship  class and algorithm; produces spatially
is bidirectional and non- structured residuals
stationary

171

172 5 Beyond soil mapping: a shared challenge for environmental modelling

173 Many environmental sciences share these assumptions, predicting targets from vegetation, moisture,
174  climate, and terrain, so the same uncertainty appears wherever predictors are products of the coupled system
175  (Table 2). Land-surface and Earth-system models prescribe soil and vegetation parameters as coarse and
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176  constant (Raoult et al., 2025), yet subgrid heterogeneity, unmodelled subsidence in thawing landscapes,
177  and soil-moisture and vegetation feedbacks each shift estimated land-carbon exchange substantially
178  (Humphrey et al., 2021; Rodenhizer et al., 2023; Shirley et al., 2022). Ecological-niche and species-
179  distribution models face the problem sharply when projecting fitted relationships to new regions and
180  climates (Ludwig et al., 2023; Thuiller, 2024), since plant-soil feedback shows those relationships are not
181  fixed (van der Putten et al., 2013). Hydrological models derive soil hydraulic properties as static
182 pedotransfer parameters (Verhoef et al., 2026), though infiltration swings with roots, fire, and erosion
183  within a season, and reusing DSM layers for soil moisture brings both promise and circularity
184 (Fathololoumi & Biswas, 2026).

185 Table 2. The same feedback-driven endogeneity across model families that share vegetation, soil, and water predictors.
Model family Shared predictor How endogeneity manifests Mitigation
DSM / pedometrics Vegetation indices, soil Greenness encodes the soil's own water ~ Temporal covariates, non-
moisture supply; structured map residual stationary models
Land-surface / Earth- Prescribed soil and Subgrid feedback heterogeneity Dynamic subgrid
system vegetation parameters averaged away; biased budgets representation
Ecological / species Soil, vegetation, and Plant-soil feedback alters the fitted Feedback-aware
distribution climate layers niche; poor transfer transferability limits
Hydrological Texture-derived hydraulic  Infiltration shifts with roots, fire, and State-dependent, time-
properties erosion; static parameters miss seasonal ~ varying parameters
swings
186

187  Four testable predictions follow. Residuals of a static model should carry spatial structure tied to feedback-
188  strength indicators such as phenological variance and disturbance recency; temporal-transfer error should
189  scale with covariate drift; stratifying by feedback regime should cut the structured residual more than adding
190  static covariates; and covariate importance should be unstable in non-stationary zones. Testing whether the
191  residuals of a static organic-carbon model organise along feedback proxies would turn this synthesis into
192 evidence.

193 6 Toward feedback-aware mapping and modelling

194  Replacing single-date layers with time series and phenological metrics addresses the snapshot problem, and
195  spatiotemporal fusion helps where clear scenes are scarce (H. Yang et al., 2023); frameworks such as STEP-
196  AWBH treat the seasonal trajectory as signal (Grunwald et al., 2011), the practical step being to select
197  informative windows such as the bare-soil period. Where the relationship varies in space and time,
198  geographically and temporally weighted approaches (Zeng et al., 2016), models stratified by soil-landscape
199  unit, and hybrids that inject process-model output as covariates all let the fitted function vary. Uncertainty
200  work should separate the structural component from sampling and model terms, report the area of
201  applicability, and draw more on attribution methods, still underused in pedometrics, that separate the drivers
202 of an estimate from its uncertainty (Rohmer et al., 2024). Since the error is spatially organised, sampling
203  can be directed by proxies for feedback strength such as hydrological position, phenological variability,
204  and recent disturbance (Hu et al., 2022; Schweiger et al., 2026), and repeated monitoring at fixed sites
205  constrains the temporal signal that snapshot campaigns miss.

206
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207 7 Conclusion

208  DSM has become a rigorous, uncertainty-aware discipline, yet its soil-forming factors stay largely static
209  and its models largely stationary. Evidence from wetlands and afforested slopes to drought-stricken and
210  burned forests and thawing permafrost shows vegetation, soil, and water as a reciprocal, locally contingent,
211  time-varying system whose effects shift with setting, cross thresholds, leave legacies, and sometimes
212 reverse sign. This introduces structural uncertainty intrinsic to the system's encoding, which no added
213 sample or better algorithm removes. Our contribution is to tie a mechanistic reason for shifting covariate-
214 to-soil relationships to a structural error class, distinct from sampling and model error, to show the same
215 logic across model families that share these layers, and to offer a covariate-level diagnostic for sampling
216  and reporting.
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