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Abstract

Observation-window length can shape estimates of ecosystem temporal stability, yet its 
influence on belowground soil properties remains less explored. Using annual gridded soil 
datasets reconstructed from random forest models for alpine grasslands of the Qinghai–
Xizang Plateau (2000–2022), we quantified the temporal stability of soil organic carbon, total 
nitrogen, total phosphorus, their stoichiometric ratios (C:N, C:P, and N:P), and pH across 
3–23-year sliding windows. Analyses covered a climate-only scenario, a combined climate–
NDVI scenario, and their ratio-based contrast. Estimated stability declined nonlinearly 
with increasing window length, with progressively smaller changes at longer windows. 
Exponential models described these relationships well (R2 ≥ 0.96), although decay rates and 
fitted asymptotic values differed among soil variables and scenario representations. Time-
window length and climatic temporal stability together accounted for at least 87% of the 
variation in soil stability estimates within the common window-based statistical framework. 
The strong sensitivity of short-window estimates and gradual asymptotic behavior at longer 
windows highlight how the mean-to-standard-deviation metric captures temporal variation 
across scales. These results underline the importance of explicitly considering observation-
window length when comparing soil stability estimates and provide a basis for examining 
the scale dependence of soil properties under changing environmental conditions.

Keywords: temporal stability; time-window size; soil properties; statistical asymptotic 
behavior; Qinghai–Xizang Plateau

1. Introduction
The investigation of ecosystem temporal stability holds considerable scientific and 

societal significance. It not only advances our understanding of ecological processes, such 
as biogeochemical cycling and community dynamics, but also provides important insights 
into ecosystem responses to climate change and biodiversity loss [1,2]. Previous studies 
have extensively investigated the temporal stability of ecosystem productivity, particularly 
aboveground net primary productivity (ANPP), and identified several factors associated 
with its spatiotemporal variation. For example, plant diversity can enhance the temporal 
stability of ANPP through complementary mechanisms, including species asynchrony 
and population-level stability associated with dominant species [3,4]. These findings have 
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important implications for ecosystem management and restoration. For instance, plant 
communities composed of species with complementary functional traits may contribute to 
the restoration of degraded grasslands, as illustrated by legume–grass mixtures used in the 
rehabilitation of “Heitutan” (black soil beach) degraded grasslands on the Qinghai–Xizang 
Plateau [5].

Despite these advances, several uncertainties remain regarding the influence of tempo-
ral scale on ecosystem stability assessments. First, time window size represents an important 
methodological dimension in calculating temporal stability because the estimated mean 
and variability of ecological properties depend on the length of the observation period [6,7]. 
However, the time windows adopted in previous studies have often been determined by 
data availability and research objectives, resulting in differences in temporal scales that may 
limit the comparability of stability estimates across studies. Second, relatively few studies 
have explicitly examined how temporal stability changes with increasing time window size, 
and the reported relationships are not always consistent [8,9]. These differences suggest 
that the effects of time window size may depend on the ecological variables examined, 
temporal variability, and environmental conditions. Moreover, because temporal stability is 
commonly calculated as the ratio of the temporal mean to its standard deviation, changes in 
window size may influence stability estimates through both mathematical properties of the 
indicator and the temporal characteristics of ecological processes. Therefore, systematically 
evaluating the relationship between temporal stability and time window size is necessary 
to improve the interpretation and comparability of ecosystem stability assessments.

Soil carbon, nitrogen, phosphorus, and pH are important indicators of belowground 
ecosystem conditions and biogeochemical processes. Their temporal dynamics are associ-
ated with nutrient cycling, soil fertility, and ecosystem responses to environmental change. 
However, compared with the extensive research on aboveground ecosystem stability, rela-
tively limited attention has been paid to how the estimated temporal stability of multiple 
soil properties varies across different time window sizes. Unlike aboveground productivity, 
soil properties may exhibit different temporal patterns because of differences in their biogeo-
chemical characteristics, environmental sensitivity, and responses to external disturbances. 
Consequently, the relationship between temporal stability and time window size may differ 
among soil properties. Understanding these differences could provide additional insights 
into the temporal characteristics of belowground ecosystems and inform the interpretation 
of soil stability under changing environmental conditions [7].

The alpine grasslands of the Qinghai–Xizang Plateau provide a suitable region for 
investigating these relationships because they experience substantial climatic variability and 
heterogeneous human disturbances [10]. The region is characterized by high elevation, low 
temperatures, and pronounced environmental gradients, which may influence the temporal 
dynamics of soil properties [11,12]. Previous research has examined the spatiotemporal 
patterns of the temporal stability of soil carbon, nitrogen, phosphorus, and pH in this region 
and explored their associations with climate change and human activities [13]. That study 
primarily characterized spatial and temporal patterns under a specified observation period, 
whereas the present study explicitly treats time-window length as a research variable and 
evaluates how estimated stability changes across windows of 3–23 years. This distinction 
allows us to assess the dependence of stability estimates on observation length and compare 
the resulting patterns among soil properties and scenario representations.

Specifically, a ratio-based contrast was calculated for each year and grid cell by dividing 
the soil property prediction from the combined climate–NDVI scenario by the correspond-
ing prediction from the climate-only scenario. Following the conceptual framework of Chen 
et al. [14] and the approach adopted in previous studies [15,16], this ratio was used as 
an indirect indicator of the potential influence of human activities on soil properties. The 
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climate-only scenario served as a reference, whereas the combined climate–NDVI scenario 
incorporated additional vegetation information potentially associated with anthropogenic 
influences. Given that NDVImax also responds to climatic variability, the ratio-based con-
trast may contain climate-related vegetation responses and model-dependent differences. 
Accordingly, it provides an indirect approximation of potential human-related influences. 
Throughout the manuscript, C denotes the climate-only scenario, C + H denotes the com-
bined climate–NDVI scenario, and H denotes the ratio-based contrast used to indirectly 
characterize potential human-related influences.

2. Materials and Methods
2.1. Data

Monthly temperature, precipitation, radiation, and normalized difference vegetation in-
dex (NDVI) data were compiled for grasslands on the Qinghai–Xizang Plateau for 2000–2022. 
Meteorological data sources are described in [17,18]. The datasets used in the analysis were 
represented on a common 1 km × 1 km grid. Four annual environmental variables were 
derived from the monthly data: annual mean temperature (AT), annual total precipitation 
(AP), annual total radiation (ARad), and annual maximum NDVI (NDVImax). Using 
previously developed random forest models [15,16], annual gridded estimates of seven soil 
variables were generated for 2000–2022: soil organic carbon (SOC), total nitrogen (TN), total 
phosphorus (TP), the carbon-to-nitrogen ratio (C:N), the carbon-to-phosphorus ratio (C:P), 
the nitrogen-to-phosphorus ratio (N:P), and pH. Two modeling scenarios were considered: 
a climate-only scenario and a combined climate–NDVI scenario. Both models included AT, 
AP, and ARad as predictors, while the combined climate–NDVI model additionally included 
NDVImax. The resulting annual soil datasets represent model-based reconstructions and 
provide a common basis for comparing temporal characteristics between the two scenarios.

The scenario comparison was conceptually informed by Chen et al. [14], who compared 
climate-driven potential net primary productivity with actual productivity affected by both 
climate and human activities and used their difference to approximate human-related 
influences on alpine grassland productivity. Their models were calibrated and validated 
using observations from fenced and open grasslands. The present study adopts the general 
idea of comparing a climate-related reference with a combined-influence scenario, but the 
indicators and calculation differ from those used by Chen et al. Here, the climate-only model 
uses AT, AP, and ARad, whereas the combined climate–NDVI model additionally includes 
NDVImax. For the ratio-based contrast, annual predictions from the combined scenario were 
divided by the corresponding climate-only predictions. This ratio is not equivalent to the 
additive difference used by Chen et al. and does not represent an independently predicted 
human-only soil state. Because NDVImax is influenced by both climate and human activities, 
the ratio cannot isolate the independent causal effect of human activities. It is therefore 
interpreted as a model-based relative scenario contrast that may indirectly indicate potential 
human-related influences. In the figures, C + H denotes the combined climate–NDVI 
scenario, C denotes the climate-only scenario, and H denotes the ratio-based contrast.

2.2. Statistical Analyses
Temporal stability was calculated as the ratio of the temporal mean to the temporal 

standard deviation (μ/σ) for each soil variable under the climate-only and combined 
climate–NDVI scenarios, for the annual ratio-based contrast, and for AT, AP, and ARad 
across time windows of 3–23 years. For a window length of n years, the number of available 
windows was 23 − n + 1; thus, the three-year window contained 21 sliding windows, 
whereas the 23-year window contained one full-period window. For the 23-year window, 
stability for each grassland pixel was calculated from the full 2000–2022 series. For window 
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lengths of 3–22 years, a one-year-step sliding-window approach was used [19]. For each 
pixel and window length, the stability estimates from all available windows were averaged 
to obtain the final value. Because adjacent windows overlap, they are not statistically 
independent, and the number of available windows decreases as window length increases. 
The resulting estimates therefore have unequal temporal support across window lengths. 
The nlsLM function in the minpack.lm package in R 4.2.2 was used to fit relationships 
between spatially averaged stability estimates and window length. The varpart function in 
the vegan package was used to partition the variation associated with window length and 
the temporal stability of AT, AP, and ARad.

3. Results
3.1. Temporal Stability of Climatic Variables Across Time Windows

The temporal stability of AT increased with time-window size, with a fitted asymptotic 
value of −1.29. The temporal stability of AP and ARad decreased with increasing window 
length, with fitted asymptotic values of 7.77 and 50.19, respectively (Figure 1). These values 
summarize the fitted window-dependent patterns.

Figure 1. The relationship between time-window size and (a) temporal stability of annual mean 
temperature (Stability_AT), (b) temporal stability of annual total precipitation (Stability_AP), and 
(c) temporal stability of annual total radiation (Stability_ARad). The red lines represent the fit-
ted curves.

3.2. Scale-Dependent Temporal Stability of Soil Variables Under Different Scenarios
The estimated temporal stability of all seven soil variables showed nonlinear declines 

with increasing window length across the climate-only scenario, the combined climate–
NDVI scenario, and the ratio-based contrast (Figures 2–4). Exponential models described 
these relationships with R2 ≥ 0.96, and the fitted curves approached scenario-specific 
asymptotic values. For five of the seven variables (SOC, TN, TP, C:N, and C:P), the absolute 
decay-rate parameter was largest in the climate-only scenario, intermediate in the combined 
climate–NDVI scenario, and smallest in the ratio-based contrast. For the remaining two 
variables (N:P and pH), estimated stability was lowest in the climate-only scenario and 
highest in the combined climate–NDVI scenario. Across all seven variables, the fitted 
asymptotic values were largest in the climate-only scenario and smallest in the ratio-based 
contrast (Figures 2–4).
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Figure 2. The relationship between time-window size and (a) temporal stability of soil organic carbon 
(Stability_SOCC+H ), (b) total nitrogen (Stability_TNC+H ), (c) total phosphorus (Stability_TPC+H ), 
(d) the soil organic carbon-to-total nitrogen ratio (Stability_C:NC+H ), (e) the soil organic carbon-to-
total phosphorus ratio (Stability_C:PC+H ), (f) the total nitrogen-to-total phosphorus ratio (Stabil-
ity_N:PC+H ), and (g) pH (Stability_pHC+H ) under the combined climate–NDVI scenario (C + H). 
The fitted curves and asymptotic values describe the window dependence of μ/σ; ecological conver-
gence is not inferred from goodness of fit alone. C + H denotes the combined climate–NDVI model, 
rather than an additive decomposition of climate and human effects. The red lines represent the 
fitted curves.
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Figure 3. The relationship between time-window size and (a) temporal stability of soil organic carbon 
(Stability_SOCC ), (b) total nitrogen (Stability_TNC ), (c) total phosphorus (Stability_TPC ), (d) the soil 
organic carbon-to-total nitrogen ratio (Stability_C:NC ), (e) the soil organic carbon-to-total phosphorus 
ratio (Stability_C:PC ), (f) the total nitrogen-to-total phosphorus ratio (Stability_N:PC ), and (g) pH 
(Stability_pHC ) under the climate-only scenario (C). The fitted curves and asymptotic values describe 
the window dependence of μ/σ; ecological convergence is not inferred from goodness of fit alone. 
The red lines represent the fitted curves.
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Figure 4. The relationship between time-window size and (a) temporal stability of soil organic carbon 
(Stability_SOCH ), (b) total nitrogen (Stability_TNH ), (c) total phosphorus (Stability_TPH ), (d) the soil 
organic carbon-to-total nitrogen ratio (Stability_C:NH ), (e) the soil organic carbon-to-total phosphorus 
ratio (Stability_C:PH ), (f) the total nitrogen-to-total phosphorus ratio (Stability_N:PH ), and (g) pH 
(Stability_pHH ) for the ratio-based contrast (H), calculated as combined-scenario predictions divided 
by climate-only predictions. The fitted curves and asymptotic values describe the window dependence 
of μ/σ; ecological convergence is not inferred from goodness of fit alone. H is used only as an 
abbreviation for the ratio-based contrast. The red lines represent the fitted curves.

3.3. Associations of Time Window Size and Climatic Stability with Soil Temporal Stability
Across all seven soil variables, time-window size and the temporal stability of AT, AP, 

and ARad jointly accounted for at least 87% of the variation in estimated soil temporal 
stability. The unique fraction associated with time-window size, conditional on the other 
included variables, was largest in most cases (Figures 5–7).
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Figure 5. Variance partitioning of the temporal stability of (a) soil organic carbon (SOC), (b) total 
nitrogen (TN), (c) total phosphorus (TP), (d) the SOC-to-TN ratio, (e) the SOC-to-TP ratio, (f) the 
TN-to-TP ratio, and (g) pH under the combined climate–NDVI scenario (C + H). Unique and shared 
fractions are associated with time-window size and the temporal stability of annual temperature, 
precipitation, and radiation (AT stability, AP stability, and ARad stability). These fractions summarize 
statistical associations among variables sharing the same window-length framework and are not 
interpreted as independent causal effects.
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Figure 6. Variance partitioning of the temporal stability of (a) soil organic carbon (SOC), (b) total 
nitrogen (TN), (c) total phosphorus (TP), (d) the SOC-to-TN ratio, (e) the SOC-to-TP ratio, (f) the 
TN-to-TP ratio, and (g) pH under the climate-only scenario (C). Unique and shared fractions are 
associated with time-window size and the temporal stability of annual temperature, precipitation, 
and radiation (AT stability, AP stability, and ARad stability). These fractions summarize statistical 
associations among variables sharing the same window-length framework and are not interpreted as 
independent causal effects.

https://doi.org/10.3390/agronomy16212180

https://doi.org/10.3390/agronomy16212180


Agronomy 2026, 16, 2180 10 of 14

 

Figure 7. Variance partitioning of the temporal stability of (a) soil organic carbon (SOC), (b) total 
nitrogen (TN), (c) total phosphorus (TP), (d) the SOC-to-TN ratio, (e) the SOC-to-TP ratio, (f) the 
TN-to-TP ratio, and (g) pH for the ratio-based contrast (H). Unique and shared fractions are as-
sociated with time-window size and the temporal stability of annual temperature, precipitation, 
and radiation (AT stability, AP stability, and ARad stability). These fractions summarize statistical 
associations among variables sharing the same window-length framework and are not interpreted 
as independent causal effects. H denotes the ratio-based contrast between combined-scenario and 
climate-only predictions.

4. Discussion
The estimated temporal stability of the seven soil variables generally declined nonlin-

early with increasing time-window length, with progressively smaller changes at longer 
windows (Figures 2–4). This pattern highlights the importance of the observation period 
in interpreting soil stability estimates. Because temporal stability is expressed as the ratio 
of the temporal mean to its standard deviation (μ/σ), its window dependence reflects 
how both components are represented over different observation periods. In particular, 
very small standard deviations within short windows can yield disproportionately large 
stability values. The high estimates observed over 3–5-year windows and their subsequent 
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rapid decline could therefore be driven to a considerable extent by the sensitivity of the 
denominator, even without a corresponding change in ecological stability. As the window 
expands, additional years may introduce fluctuations that were less apparent over shorter 
periods [20,21], while progressively smaller changes in the estimated mean and standard 
deviation may contribute to the flatter relationships at longer windows. The overlapping-
window design also provides different temporal support across window lengths, with the 
number of contributing windows decreasing from 21 for a three-year window to one for 
the full 23-year period. Viewed in this context, a central contribution of the analysis is to 
characterize the observation-window sensitivity of the stability indicator, while distinguish-
ing this statistical behavior from the ecological processes that may shape the underlying 
soil series.

The exponential functions provided close descriptions of the window-dependent sta-
bility estimates (R2 ≥ 0.96), with fitted parameters differing among soil properties and 
scenario representations. These high coefficients of determination primarily indicate agree-
ment between the selected functions and the calculated indicator values. Such agreement 
is also consistent with an exponential function capturing the mathematical behavior of 
μ/σ as the observation window expands. Accordingly, the fitted relationships are most 
usefully interpreted as descriptive summaries of indicator behavior, with ecological inter-
pretations considered separately from goodness of fit. The fitted asymptotes summarize 
the flattening of these relationships over the investigated window lengths and are best 
regarded as statistical parameters rather than ecological equilibrium states or convergence 
times. Comparisons with alternative functions and suitable null-model benchmarks could 
further clarify how the observed curve shapes relate to the properties of the indicator and 
the temporal structure of the underlying series.

The scale dependence of estimated soil stability may also be considered in relation 
to environmental variation. Short-term fluctuations and longer-term climatic changes are 
represented differently as observation windows expand [20,21]. In the present analysis, 
the temporal stability of annual temperature, precipitation, and radiation likewise varied 
nonlinearly with window length, although the directions and shapes of these relationships 
differed (Figure 1). Environmental persistence and the lasting influence of previous condi-
tions, often discussed in terms of ecological memory, provide a possible ecological context 
for these temporal patterns [22,23]. Changes in moisture availability, decomposition, and 
nutrient cycling may also influence the variability of soil properties over different peri-
ods [24–30]. These mechanisms offer plausible interpretations of the underlying temporal 
variation, whereas the fitted stability curves describe how that variation is summarized by 
μ/σ across windows. Maintaining this distinction allows the statistical findings to inform 
ecological questions while leaving room for further examination through long-term soil 
observations and process-based analyses.

Differences among the scenario representations (Figures 2–4) suggest that the window-
dependent patterns vary with the environmental information included in the models. 
Temperature, precipitation, and radiation represent climatic conditions relevant to soil mois-
ture and biogeochemical processes, whereas NDVImax additionally incorporates vegetation 
dynamics responsive to both climate and land use. The ratio-based contrast (H), calculated 
by dividing annual predictions from the combined climate–NDVI scenario by the corre-
sponding climate-only predictions, provides a relative comparison between these two model 
representations [14–16]. Its interpretation therefore encompasses climate-linked vegetation 
responses, potential land-use influences, and differences in model behavior, rather than a 
separately estimated human effect. Grazing-related changes in vegetation cover, nutrient 
cycling, and legacy responses provide possible ecological context for variation among the 
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reconstructed series [10,22,31]. Throughout this interpretation, H refers specifically to the 
ratio-based contrast, keeping its meaning aligned with the way it was calculated.

The use of annual soil series reconstructed with random forest models is also rele-
vant to interpreting their temporal stability [15,16]. These series represent year-to-year 
variation through changing predictor conditions and the statistical behavior of the models. 
Uncertainty in annual predictions may consequently influence both the estimated mean 
and standard deviation, with potentially greater sensitivity in short windows. For example, 
smoothing of interannual fluctuations may reduce the estimated standard deviation and 
increase μ/σ, whereas additional year-to-year prediction variability may have the opposite 
effect. Differences in the predicted mean may further modify the ratio. Thus, the extent to 
which reconstructed series represent interannual variation is an important consideration 
when comparing stability estimates across windows and scenario representations. Prop-
agating prediction uncertainty through the annual ratio-based contrast, sliding-window 
calculations, and fitted relationships would provide a useful extension of this framework 
and help place the observed patterns in a broader uncertainty context.

The variance-partitioning analysis showed that time-window length and climatic tem-
poral stability jointly accounted for at least 87% of the variation in estimated soil temporal 
stability (Figures 5–7), with the largest unique fraction associated with window length 
in most cases. This result is most appropriately understood within the shared statistical 
framework used to calculate the variables. Because climatic and soil stability were evalu-
ated over the same window lengths, part of their association may be expected from this 
common window-length structure. The use of climatic predictors in reconstructing the soil 
series further links the two sets of estimates. The explained fraction therefore summarizes 
associations arising from shared statistical structure together with relationships represented 
in the underlying series, rather than establishing independent control over soil stability. 
Similarly, the unique fraction associated with a predictor set is conditional on the other 
variables included in the partitioning. From a practical perspective, the findings support 
explicitly reporting observation-window length, considering the mean and standard de-
viation alongside their ratio, and comparing stability estimates over compatible temporal 
scales. Their potential application to monitoring design and ecological management would 
be strengthened by complementary evidence from longer observational records and direct 
measurements of soil processes.

5. Conclusions
This study characterized the time-window dependence of estimated temporal stability 

for soil carbon, nitrogen, phosphorus, their stoichiometric ratios, and pH in alpine grasslands 
of the Qinghai–Xizang Plateau during 2000–2022. Across windows of 3–23 years, stability 
estimates generally declined nonlinearly, with progressively smaller changes at longer 
windows. Exponential functions described these relationships well (R2 ≥ 0.96), and their 
fitted parameters differed among soil properties and scenario representations. The main 
contribution lies in showing how observation-window length shapes a stability indicator 
calculated from model-reconstructed soil series. Very high short-window estimates and 
their rapid decline may reflect, to a substantial extent, small standard deviations and 
the resulting sensitivity of μ/σ. These statistical properties provide an essential context 
for considering the ecological variation represented in the underlying series. The fitted 
functions and asymptotes are therefore interpreted as descriptive features of the indicator, 
with ecological convergence remaining a separate question from goodness of fit.

Time-window length and climatic temporal stability jointly accounted for at least 87% 
of the variation within the common window-based framework. Because the variables share 
the same window-length structure, this explained fraction includes associations arising from 
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their common statistical basis and is best interpreted as a framework-specific association 
rather than evidence of independent control over soil stability. The ratio-based contrast 
(H) likewise provides a relative comparison between two model predictions, rather than 
a separate estimate of human effects. Uncertainty in annual random forest predictions 
may also systematically influence the variability represented in the reconstructed series 
and, consequently, the resulting stability estimates, particularly over short windows. These 
findings provide a methodological basis for more consistent interpretation and comparison 
of soil stability estimates across explicitly defined observation periods. Considering window 
length, the behavior of the mean and standard deviation, and prediction uncertainty together 
may improve the use of stability indicators in soil assessments.
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