
1 
 

Teatime for Triticum – (how) can the presence of plants slow 1 

down decomposition? 2 

Jennifer Michel1,*, Alice Quenon1, Mayliss Persyn2, Anna Xayphrarath2, Adrien Blum1, 3 
Vincent Leemans1, Da Cao3, Sara Sanchez-Moreno4, Hervé Vanderschuren1,5, Dominique 4 
Van Der Straeten3, Markus Weinmann6, Jordi Moya-Laraño7,# & Pierre Delaplace1,#,*  5 

1 Gembloux Agro-Bio Tech, TERRA Teaching and Research Centre, University of Liège, Gembloux, Belgium 6 
2 Polytech Lille, Université de Lille, Lille, France  7 
3 Department of Biology, Laboratory of Functional Plant Biology, Faculty of Sciences, Ghent University, 8 
Ghent, Belgium 9 
4 Department of the Environment and Agronomy, National Centre Institute for Agricultural and Food Research 10 
and Technology, INIA-CSIC, Madrid, Spain 11 
5 Department of Biosystems, Tropical Crop Improvement Lab, KU Leuven, Heverlee, Belgium  12 
6 Institute of Crop Science, Nutritional Crop Physiology (340h), University of Hohenheim, 70593 Stuttgart, 13 
Germany 14 
7 Functional and Evolutionary Ecology, Estación Experimental de Zonas Áridas (EEZA), Consejo Superior de 15 
Investigaciones Científicas (CSIC), Almería, Spain 16 
# Contributed equally 17 
* Correspondence: jennifer.michel@uliege.be, pierre.delaplace@uliege.be  18 

Abstract 19 

Decomposition of organic matter is a key process in soils contributing to carbon and nutrient 20 
cycling. To identify management strategies for agroecosystems that reduce nutrient losses 21 
while maximizing plant growth, it is important to understand which parameters determine 22 
decomposition rates. This study therefore investigated how the presence of winter wheat 23 
(Triticum aestivum var. Asory) affects decomposition in a controlled Ecotron setup with two 24 
soil types with varying organic matter content across three simulated climates (2013, 2068, 25 
2085). Using the tea bag index, interstitial soil pore water analyses, microbial biomass 26 
quantification, bacterial and fungal gene abundance, and soil respiration measurements, we 27 
tested the hypotheses that plant exudates would enhance decomposition rate and microbial 28 
biomass, while plant nitrogen uptake would deplete soil nitrate, potentially mitigated by 29 
fertilization. Contrary to expectations, decomposition rates were lower in planted than in 30 
unplanted soils, suggesting resource competition between plants and microbes. No significant 31 
differences were observed in microbial biomass or respiration due to plant presence, and 32 
fertilization effects on nitrate or microbial mineralization were undetectable, likely due to 33 
rapid turnover of organic molecules including uptake by plants and microbes. 34 
Mechanistically, fungi and soil humidity were more important for decomposition than 35 
bacteria or temperature. The findings corroborate climate impacts on decomposition but also 36 
indicate microbial resilience and highlight the potential of management strategies like cover 37 
crops, adjusted planting dates and crop residual management which can contribute to healthy 38 
soils by sustaining carbon and nutrient cycling.   39 
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1. Introduction 40 

Decomposition is a fundamental ecosystem process that regulates carbon and nutrient 41 
cycling, influencing soil fertility and plant productivity in agricultural systems. In the context 42 
of climate change, understanding how biotic factors, such as the presence of crop plants, 43 
interact with abiotic conditions to modulate decomposition is essential for sustainable 44 
farming. Plants can potentially accelerate decomposition through root exudates, particularly 45 
carbohydrate-rich compounds that fuel microbial activity and mineralization[1,2,3,4]. 46 
Conversely, plants may compete with microbes for resources like nitrogen, slowing 47 
decomposition via nutrient limitation[5,6,7,8]. This duality is particularly relevant for crops like 48 
winter wheat (Triticum aestivum), where effective nutrient management may determine how 49 
yields evolve under future climate[9,10].  50 

Despite extensive research on decomposition, few studies have focused explicitly on the 51 
effect of presence or absence of living plants, despite the relevance for agricultural land 52 
management. The plant effect has been studied even less under predicted future 53 
meteorological conditions, a critical research gap as projected climate scenarios with warmer 54 
temperatures and variable precipitation could exacerbate or buffer nutrient losses, depending 55 
on microbial communities and soil organic matter (SOM) content, which affects microbial 56 
resilience and water retention[11,12,13]. Here, we test how winter wheat presence influences 57 
decomposition, microbial biomass, bacterial and fungal gene abundance, respiration, and 58 
glucose and nitrate dynamics in presence or absence of plants based on an Ecotron 59 
experiment. The Ecotron experiment exposed cropping systems to the meteorological 60 
conditions of three different years across a climate gradient representative of climate change 61 
in the 21st century in Central Europe and used two contrasting soil types (low vs. high SOM). 62 
We hypothesized that plants enhance decomposition via exudates but deplete nitrate through 63 
uptake, with fertilization compensating for the latter. These insights aim to inform adaptive 64 
agricultural practices, emphasizing the role of plant-microbe interactions in maintaining soil 65 
health. 66 

2. Material & methods 67 

2.1 Hypotheses 68 

This experiment focused on decomposition and nitrate availability in relation to the 69 
presence/absence of plants and in relation to nitrogen fertilization. 70 

The first set of hypotheses was based on the premise that plants exude carbohydrate-rich 71 
substances which increase microbial mineralization[1,2]. From this we deduced that 72 

HP1a: Decomposition (tea bag index) is higher in planted than in unplanted cubes. 73 
HP1b: Glucose-equivalents are higher in planted than in unplanted cubes. 74 
HP1c: Microbial biomass (carbon, bacteria & fungi) is higher in planted than in unplanted 75 
cubes.  76 
HP1d: Soil-emitted CO2 is higher in planted than in unplanted cubes. 77 

The second set of hypotheses was based on the premises that plants take up nitrogen from the 78 
soil and that adding mineral nitrogen fertilizer would compensate plant N-uptake. We 79 
expected that the effect of fertilizer addition and plant presence would be visible in soil NO� 80 
concentrations and hypothesized: 81 
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HP2a: +fertilizer →NO�↑ 82 
HP2b: +plant → NO�↓ 83 

2.2 Experimental set-up 84 

The experiment was conducted in the TERRA-Ecotron, where winter wheat (Triticum 85 
aestivium var. Asory) was grown in the meteorological conditions of the years 2013, 2068, 86 
and 2085, representing a gradient of present and predicted climate change scenarios for 87 
Central Europe[10]. As a second factor, the experiment used two soil types excavated from 88 
real farmlands representing historically low (S1) vs. high (S2) soil organic matter inputs (10 89 
vs 22 g SOC kg-1 soil respectively, both C:N=10.5). The TERRA-Ecotron has six controlled 90 
environment rooms (CERs), in each of which nine cubes (125L) with intact soil monolith can 91 
be placed[14]. In each CER, eight soil monoliths were planted and one was left unplanted. 92 
Given that two soil types were used, there was one unplanted cube per soil type per climate. 93 
In each CER, one cube with plants and the one existing cube without plants were selected for 94 
the here presented decomposition study, covering all six soil x climate modalities in planted 95 
and unplanted state. For the main study factor of this experiment, the presence or absence of 96 
plants, there were thence n=6 replicates of each modality (plant yes/no), comprising the two 97 
soils and three climates, which were not replicated within the plant treatment. In each of these 98 
cubes, five bags of each tea type (green tea and rooibos tea) were placed at a depth of 8cm 99 
(supplementary material SM0), leading to a total of n=120 tea bags being deployed. The 100 
study started at the end of winter in 2068 and lasted from DAS131-DAS159. During this 101 
time, the wheat was at the beginning, middle and end of tillering in 2013, 2068, and 2085 102 
respectively (approx. BBCH 16,27,38). Only 2085 had received mineral fertilizer at the time 103 
of study (Figure 1). 104 
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plot, with the tea bag deployment period (DAS131-145) in dark dashed grey. If individual 127 
measures were performed for the two soil types S1 (low OM) and S2 (high OM), S1 is 128 
plotted with a straight line and S2 is plotted with a dashed line. A: Daily mean air 129 
temperature (°C), B: Daily cumulative precipitation (mm m-2), C: Daily soil temperature (°C), 130 
D: Daily mean volumetric soil humidity (%), E: Plant growth stages (BBCH), F: Cumulative 131 
nitrogen input from mineral fertilizer (kg N ha-1). Note: N was applied in three doses 132 
according to phenology. Only 2085 had received N at the time of study (at DAS 102), with 133 
respective N-application indicated as “+N” in panel F.  134 

2.3 Soil and climate conditions during the experiment 135 

The experiment used two soil types of identical soil classification (silt loam (Aba(b)0)) but 136 
S2 had received twice as much organic matter than S1, resulting in 2x higher carbon and 137 
nutrient contents in S2 at similar C:N and pH (see [10] for detailed soil description). During 138 
the tea bag incubation (dark grey area in Figure 1), the air temperature followed the 139 
chronological sequence 2013<2068<2085, which also applied to soil temperature where it 140 
was measurable 2068<2085, with S2 being warmer than S1 (Table 1). Precipitations followed 141 
an inverse chronological pattern of 2013>2068>2085. However, volumetric soil moisture 142 
content was similar in 2068 and 2085 reflecting the prior rain input (Figure 1B). Similar to 143 
soil temperature, volumetric soil moisture content was also higher in S2 than in S1 in both 144 
climates. In S1, the relative soil humidity as determined by drying & weighting of soil 145 
subsamples at DAS131 and DAS159 was lower in planted soil than in unplanted soils. This 146 
was also the case for S2 in 2085, but in 2068 and 2013 planted S2 soil was wetter than 147 
unplanted S2 soil. The pattern was consistent at both DAS131 and DAS159 (SM1). 148 

Table 1: Soil temperature and water content during the time of tea bag incubation (DAS 131-149 
145). ‘Y’ and ‘NO’ indicate planted (YES) and unplanted (NO) soil respectively. See SM1 150 
for soil moisture data separated for DAS131 and DAS159. *WR: winter room: no data from 151 
soil sensors. 152 

 2013 2068 2085 
 S1 S2 S1 S2 S1 S2 
Air T �C 2.15 7.91 10.72 
Soil T �C WR* WR* 10.15 10.56 11.77 16.20 
Δ soil T �C S2-S1 NA +0.41 +4.43 
Cumulative preci-
pitation mm m-2 

180.40 136.24 13.25 

Vol. soil moisture 
content (MC) % 

WR* WR* 34.19 38.47 34.45 37.99 

Δ soil vMC % S2-S1 NA +4.27 +3.54 
Rel. soil MC %  Y NO Y NO Y NO Y NO Y NO Y NO 
Av. DAS131-159 18.91 21.65 21.92 10.34 17.84 20.72 19.77 17.85 12.81 16.74 15.35 19.64 
Δ soil vMC % 
unplanted-planted 

+2.74 -11.58 +2.88 -1.92 +3.93 +4.29 

  153 

  154 
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2.4 Decomposition and further carbon and nitrogen cycling parameters 155 

Within each of the studied cubes, n=5 rooibos and n=5 green tea bags were buried at 8cm 156 
depth to measure decomposition with the tea bag index from DAS131-145. The tea bag index 157 
integrates mass loss data from both green tea (fast-decomposing) and rooibos tea (slow-158 
decomposing) into a single standardized k value combining information from the two 159 
substrates to represent the early-stage decomposition rate under asymptotic model 160 
assumptions (SM8)[15]. The tea bag index is most indicative for litter decomposition, but tea 161 
is mineralized alongside soil organic matter and plant-derived compounds if present. In 162 
addition, in each cube interstitial soil pore water was extracted in situ using permanently 163 
installed soil pore water samplers (Rhizosphere Research Products B.V., Wageningen, The 164 
Netherlands) with the 10cm long porous membrane situated in the center of each cube 165 
vertically inserted at a depth of 8-15cm. Water was extracted weekly (DAS 82, 102, 110, 131, 166 
150) by applying a negative pressure using 20 ml syringes and metabolically relevant 167 
compounds were quantified immediately after water extraction using anthrone reaction for 168 
glucose equivalents (modified after [16]) and nitrate was quantified biochemically using an 169 
ion-selective electrode (LAQUAtwin NO3-11C, Horiba Ltd., Kyoto, Japan). At DAS 102, 170 
131 and 159, basal as well as exudate-induced respiration were quantified via MicroResp 171 
with two technical replicates for each modality[17]. Soils were sieved to 2 mm and incubated 172 
within the CERs without further adjusting water content to maintain the soil samples as close 173 
to the humidity and temperature conditions of respective climate scenarios. Basal respiration 174 
was measured as CO2 released from soil samples without any amendment, and as a proxy for 175 
exudate-induced respiration, 25µl of the collected interstitial soil pore water was used. At 176 
DAS131 and DAS159, microbial biomass and bacterial and fungal gene copies were 177 
measured in n=4 planted cubes per CER and the n=1 unplanted cube using direct chloroform 178 
extraction followed by titration (modified after [18]) and qPCR of 16S and 18S respectively 179 
(SM 2)[19,20,21]. Sensors for continuous monitoring of soil humidity and temperature were 180 
installed in n=2 planted cubes per soil type per CER, but was not permanently monitored in 181 
unplanted cubes. Therefore, soil humidity was also quantified using the gravimetric method, 182 
drying sub-samples to constant mass, for all soils of planted and unplanted cubes which were 183 
also used for microbial biomass and qPCR at DAS131 and DAS159.  184 
 185 
2.5 Statistical analysis 186 
The individual and interactive effects of plant (YES,NO), climate (2013,2068,2085), soil type 187 
(S1,S2), and DAS (82,102,110,131,150) where applicable, on the response parameter 188 
decomposition, glucose, nitrate, microbial biomass, fungal and bacterial genes, and basal and 189 
exudate-induced respiration were individually evaluated with linear mixed models, with a 190 
random effect for cube (y~ PLANT * (SOIL + YEAR + DAS) + (1 | CUBE)).  191 

To increase the resolution of the potential driving factors of decomposition (k) beyond the 192 
fixed effects climate (temperature, rain), soil (SOC, sand, humidity, temperature), plant (total 193 
root length, network area, branching frequency, number of root tips) and rhizosphere 194 
processes (glucose, nitrate, microbes), partial least squares regression (PLS) was 195 
performed[22]. Leave-one-out cross-validation was used to assess model performance and the 196 
orthogonal scores algorithm was selected, as required for subsequent calculation of variable 197 
importance in projection (VIP) scores (SM3, SM4). Leave-one-out cross-validation (LOO-198 
CV) was employed to assess model performance and determine the optimal number of 199 
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components. Missing values in the predictor matrix were imputed using median values per 200 
variable, and constant predictors were removed prior to scaling and centering the data. To 201 
complement the PLS analysis and capture potential non-linear relationships and interactions 202 
among predictors, a random forest (RF) regression model was fitted[23]. The model used 500 203 
trees and the default number of variables tried at each split for regression (mtry = floor(p/3), 204 
where p is the number of predictors). The same imputed predictor matrix (without scaling) 205 
and response variable (k) were used as in the PLS model. Model performance was evaluated 206 
via out-of-bag (OOB) mean squared error and % variance explained (SM5, SM6). Both 207 
methods were applied to the same pre-processed dataset to enable direct comparison of 208 
predictor importance rankings. Overlap in the top-ranked variables across PLS (VIP > 1) and 209 
random forest (%IncMSE) provides robust support for the key drivers of decomposition.  210 

Data was analyzed using statistical software R[24], with the additional packages car[25], 211 
caret[26], dplyr[27], effects[28], emmeans[29], ggnewscale[30], ggplot2[31], lme4[32], lmertest[33], 212 
patchwork[34], performance[35], pls[36], plsVarSel[37], randomForest[38], tibble[39], tidyr[40], and 213 
tidyverse[41]. 214 
 215 

1. Results 216 

3.1 Decomposition constant k 217 

Plant presence significantly influenced the decomposition constant k (F�,� = 10.64, p = 218 
0.031), with higher values in unplanted (NO) compared to planted (YES) cubes when 219 
averaged across soil types and climate scenarios (Figure 2). A marginal main effect of 220 
climate scenario was also observed (F�,� = 6.27, p = 0.058), whereas soil type had no 221 
significant effect (F�,� = 0.21, p = 0.674). No significant interactions were detected 222 
between plant presence and soil type (PLANT × SOIL: F�,� = 3.76, p = 0.125) or between 223 
plant presence and year (PLANT × YEAR: F�,� = 4.48, p = 0.095), indicating that the 224 
negative effect of plant presence on decomposition rate was relatively consistent across soil 225 
types and climate conditions. However, there was a tendency for higher decomposition in S2 226 
than in S1 in unplanted soils, most notably in 2013, and higher decomposition in S1 than in 227 
S2 in presence of plant, most notably in 2085. 228 
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229 
Figure 2: Decomposition constant k as determined by the tea bag index in planted (YES) and 230 
unplanted (NO) soils in three climates (2013, 2068, 2085) under two soil management 231 
histories (S1: low OM, S2: high OM). Triangles and squares represent the technical replicates 232 
(individual tea bags) within each soil x climate modality (n=5) and circles and lines represent 233 
respective means. 234 

3.2 Glucose-equivalents and nitrate in interstitial soil pore water 235 

For glucose levels in interstitial soil pore water, linear mixed-effects models revealed a 236 
significant interaction between plant presence and days after sowing (PLANT × DAS: 237 
F�,��� = 13.69, p <0.001), where planted cubes exhibited lower soil glucose 238 
concentrations than unplanted controls at most time points (Figure3 upper panel). No 239 
significant interactions were found between plant presence and soil type (PLANT × SOIL: 240 
F�,� = 1.46, p = 0.293) or climate scenario (PLANT × YEAR: F�,� = 0.049, p = 0.953), 241 
suggesting that the plant-induced reduction in glucose was consistent across soil types and 242 
climate conditions. There was an overall decline of glucose concentration in interstitial soil 243 
pore water by -0.0045 units per 10 days from DAS82 to DAS150, with a spike at DAS131. 244 
When averaged across all sampling dates, the main effect of plant presence was not 245 
significant (p = 0.110), and neither soil type (p = 0.720) nor year (p = 0.439) had significant 246 
main effects.  247 

Plant presence also had a significant overall effect on nitrate levels which were lower in 248 
planted than in unplanted cubes (F�,� = 9.70, p = 0.036), most likely indicating plant N-249 
uptake (Figure 3 lower panel). This effect was modulated by sampling time, as indicated by a 250 
significant PLANT × DAS interaction (F�,��� = 98.14, p < 0.001). A marginal interaction 251 
between plant presence and climate scenario was also observed (PLANT × YEAR: F�,� = 252 
6.16, p = 0.060), whereas no significant interaction with soil type was detected (PLANT × 253 
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SOIL: F�,� = 0.063, p = 0.814). Neither soil type (p = 0.496) nor year (p = 0.565) exerted 254 

significant main effects. 255 

Figure 3: Glucose (upper panel) and nitrate (lower panel) dynamics in interstitial soil pore 256 
water determined at five days (days after sowing (DAS)). Triangles and squares represent one 257 
value per soil x climate modality, totaling between four and six values for each level of the 258 
main factor ‘plant’ (planted=YES and unplanted=NO) at each day, depending on the 259 
extractability of interstitial soil pore water. Note: Mineral nitrogen fertilizer (NO3NH4) was 260 
applied at DAS102, only in 2085 and only in planted cubes.   261 
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3.4 Microbial biomass carbon, bacteria and fungi 262 

No significant main effect of plant presence on bacterial gene copy numbers, fungal gene 263 
copy numbers or microbial biomass carbon (mbC) was detected at 131DAS and 159DAS (all 264 
p > 0.43). Time (DAS) also had no significant effect on bacterial gene copies (F�,�� = 265 
0.071, p = 0.796), fungal gene copies (F�,� = 2.23, p = 0.170) and microbial biomass C 266 
(F�,�� = 0.239, p = 0.635). Similarly, no significant interactions were detected in any 267 
variable and neither soil type nor year showed statistically significant effects. However, on 268 
average the measured parameter were higher in unplanted than in planted soils, apart from 269 

mbC at 159DAS. 270 

Figure 4: Bacteria (16S gene copies g soil -1) and fungi (18S gene copies g soil -1) abundance 271 
and microbial biomass carbon (mbC g soil -1) at two time points (DAS131, DAS159) in 272 
unplanted (NO) planted (YES) cubes in two soil types (S1: low OM, S2: high OM) in three 273 
climates (2013, 2068, 2085). Triangles and squares represent one value per soil x climate 274 
modality, totaling six values for each level of the main factor ‘plant’ (planted=YES and 275 
unplanted=NO) at each day. 276 

3.5 Basal and exudate-induced soil respiration 277 

Repeated-measures linear mixed models with random intercept for “cube” were fitted 278 
separately to basal and exudate-induced CO� data. There was no overall significant effect of 279 
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plant on either CO2 parameter, but both CO2 parameters were higher in the future climates 280 
than in the past climate.  281 

Specifically, basal CO� showed no significant influence of plant presence (main effect: 282 
F�,�� = 0.168, p = 0.686) and no significant interaction with time (PLANT × DAS: 283 
F�,�� = 0.133, p = 0.877). Significant effects were observed for DAS (F�,�� = 10.95, p = 284 
0.00055) and year (F�,�� = 4.80, p = 0.019) but not soil type (p = 0.802). 285 

Exudate-induced CO� likewise showed no significant main effect of plant (F�,�� = 0.317, 286 
p = 0.580) or PLANT × DAS interaction (F�,�� = 0.216, p = 0.807). Time (DAS: F�,�� 287 
= 6.80, p = 0.0053) and year (F�,�� = 4.43, p = 0.025) were significant, whereas soil type 288 
had no effect (p = 0.245).289 

290 
Figure 5: Basal (left) and exudate-induced (right) soil respiration (µg CO2 g soil -1 hour -1) in 291 
planted and unplanted cubes in two soil types (S1: low OM, S2: high OM) in three climates 292 
(2013, 2068, 2085) at three timepoints (DAS102, DAS131, DAS159). Circles and triangles 293 
represent one value per modality, each of which is the mean of two technical replicates. This 294 
totals six values for each level of the main factor ‘plant’ (planted=YES and unplanted=NO) at 295 
each day. 296 

3.6 Integrative analysis 297 

Despite several climate, soil and root parameter being included, the most powerful predictors 298 
of decomposition were microbial and metabolic factors, above all fungal gene copies and 299 
microbial respiration (CO2) which was constituent for both RF and PLS models (Figure 6). 300 
The most significant environmental variable was average soil moisture content (Av.soil.MC). 301 
Strong agreement between the two independent methods supports notably the importance of 302 
fungal gene copies at 131 DAS, alongside consistent high rankings for nitrate (NO�) 303 
concentrations, CO� respiration (basal and exudate-induced), microbial biomass carbon 304 
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(mbC), and related rhizosphere indicators at later sampling points. Partial dependence plots 305 
(SM7) revealed strong positive associations between the decomposition constant k and fungal 306 
gene copies at 131DAS, nitrate concentrations at 131DAS, microbial biomass carbon at 307 
159DAS and glucose at 150DAS, indicating these as key drivers of decomposition. In 308 
contrast, negative associations were observed for exudate-induced CO� respiration at 309 
102DAS and basal CO� respiration at 159DAS (SM7). Nonetheless, the proportion of 310 
variance explained by RF was substantially higher than by PLS (95% vs 18%) indicating that 311 
interactions among the included variables are also important. 312 

313 
Figure 6: Variable importance comparison for predicting the decomposition constant k using 314 
Random Forest (RF) regression (left) and Partial Least Squares (PLS) regression (right). Bars 315 
represent importance scores for predictors meeting at least one of the following criteria: 316 
Variable importance in projection (VIP in PLS) > 1 or percentage increase in out-of-bag 317 
mean squared error when the variable is randomly permuted (%IncMSE in RF) > 7 318 
(breakpoint cf SM6). Variables which meet both criteria are highlighted in blue.  319 

4. Discussion 320 

4.1 Plant-microbe competition (hypotheses under premise 1)  321 

Premise P1 posited that plant exudates of carbohydrate-rich substances enhance microbial 322 
mineralization[1,2,3,4]. Contrary to this, results indicate that plant presence slowed rather than 323 
amplified decomposition (Figure 2), which has been observed previously for grasses and 324 
forbs[42]. The lower decomposition in planted than in unplanted cubes was in line with lower 325 
glucose and nitrate concentrations in planted cubes, leading to rejection of HP1a and HP1b. 326 
Under the given measurement conditions and time frame, no overall differences emerged in 327 
soil-emitted CO�, microbial biomass, or bacterial/fungal gene copies, leading to rejection of 328 
HP1c and HP1d. These results align with resource competition theory between plants and 329 
microbes, which posits that plants can outcompete microbes over nutrient acquisition, 330 
inducing N-limitation for microbes and thus delaying decomposition[5,7,43,44,45]. Every 331 
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molecule of nitrogen which goes into belowground biomass of microbes or fauna, is a 332 
molecule of nitrogen which is not immediately available for plant uptake. Microbes thus 333 
often dominate short-term N-competition, but over longer timeframes competition for 334 
nitrogen is often asymmetrical in favor of the plants, sometimes accompanied by positive 335 
rhizosphere priming effects that enhance microbial SOM-mineralization[1,46,47,48]. This 336 
asymmetry is context-dependent, but ¹�N-labeling studies indicate that plants ultimately 337 
acquire more fertilizer-derived N than microbes, particularly in the rhizosphere[6,49]. 338 
Implementing such dynamics into concepts of "soil health" is important, as high microbial 339 
abundance and biomass can present a significant N-sink and thus antagonize plant growth 340 
[5,10,50]. Whether or not belowground organisms benefit plant growth depends on food-web 341 
structure, on the type of relationship established between symbiotic organisms and plants 342 
(mutualism, commensalism, parasitism), and whether catabolism or anabolism prevails in soil 343 
organisms[51,52]. To optimize interactions between crops and soil organisms for improved 344 
plant production, future research could identify parameters which allow to distinguish 345 
facilitative and antagonistic organisms, including links to carbon and nutrient exchange 346 
dynamics[4,53,54,55,56].  347 

4.2 Nitrate homeostasis (hypotheses under premise 2)  348 

Under premise P2 we assumed that plants take up nitrogen and that adding mineral nitrogen 349 
fertilizer compensates or even exceeds plant N-uptake and thence expected to observe an 350 
increase in nitrate concentration in interstitial soil pore water in 2085 (or a less steep 351 
decrease). The addition of fertilizer at DAS102 in 2085 did not result in measurable 352 
differences in interstitial soil pore water, which increased also in the unfertilized planted soils 353 
and in the unplanted soils at that moment of measurement, leading to rejection of H2a (Figure 354 
3). While we observed lower nitrate concentrations in planted than in unplanted soils, we 355 
reject H2b at α=0.05, despite robust indication for substantial plant N-uptake (average 356 
depletion −91 mg L-1, p = 0.08).  357 

Similarly, there was no indication that warmer temperatures in future climate scenarios 358 
stimulated microbial activity during the study period, accelerating decomposition and thus 359 
enhancing interstitial soil pore water. While this observation is in line with other studies[57,58], 360 
the absence of a detectable effect of fertilizer addition or temperature on soil NO� does not 361 
constitute evidence of absence of such effects, as this result might have been caused by the 362 
measurement conditions, where rapid plant and microbial N-uptake could have obscured the 363 
performed measurements in interstitial soil-pore water. Plants exhibit high-affinity uptake 364 
systems for NO��, allowing quick absorption from soil solution especially during periods of 365 
active growth like the tillering stage in cereals[59]. Over time, soil nitrogen concentrations 366 
could also be stabilized as a function of the net balance of nutrient inputs and outtakes in the 367 
belowground multi-trophic networks, also known as the 'microbial loop,' wherein the 368 
predation of bacteria and fungi by microbial grazers, such as protozoa and nematodes, 369 
triggers the mineral release of previously immobilized nitrogen back into the 370 
rhizosphere[60,61].  371 

In addition, variable precipitation, especially reductions or erratic patterns, can compound 372 
nutrient losses by drought-stress induced disruptions of microbial community structures and 373 
reduces enzyme activities involved in nutrient retention, potentially leading to higher losses 374 
of both carbon and nitrogen[58,62,63]. In such scenarios, soils with diverse but less resilient 375 
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microbial communities, for example those dominated by fast-growing opportunists, may 376 
experience amplified nutrient volatilization or erosion, particularly in agricultural or 377 
grassland systems[64,65].  378 

4.3 Role of stoichiometry 379 

Reduced decomposition has been previously observed for various grasses and forbs and it has 380 
been proposed that this is driven by elevated C:N ratios of root exudates, providing microbes 381 
with abundant energy but insufficient nitrogen[42,66]. This stoichiometric imbalance can 382 
trigger microbial nitrogen sequestration (immobilization), when microbes prioritize the 383 
uptake of scarce inorganic N like nitrate and ammonium to support their own biomass 384 
growth[6]. When the substrate to be decomposed is also nutrient-poor with high C:N ratios, 385 
which is the case for organic matter from plant residues like straw and tea bag litter, it can 386 
result in enhanced competition for nitrogen between plants and microbes leading to a net 387 
decrease in decomposition rates due to severe nutrient limitation within the microbial 388 
community. The typical C:N ratio of wheat straw ranges from 80:1 to 100:1, though it can 389 
occasionally be as high as 120:1 depending on the variety and fertilization history[67]. 390 
Because these values vastly exceed the critical C:N threshold of approximately 25:1 to 30:1, 391 
microbial demand for nitrogen surpasses the supply available in the residue, leading to net N 392 
sequestration (immobilization) in the microbial biomass rather than mineral release[68]. Green 393 
Tea has a C:N of approximately 10:1 to 12:1, which is below the critical threshold (< 25:1). 394 
Thus, it undergoes faster mineralization than rooibos tea, which has a C:N of approximately 395 
40:1 to 60:1 and is thus more prone to trigger nitrogen competition (SM8)[15,69].  396 

4.4 Fungi and humidity are more important for decomposition than bacteria and 397 
temperature 398 

In multivariate analysis including air and soil temperature and precipitation and soil moisture, 399 
as well as several soil and root parameters, microbial and metabolite parameters remained the 400 
strongest in predicting decomposition, in particular fungal gene copies and CO2 as an 401 
indicator of microbial activity. Fungi are generally associated with the breakdown of more 402 
complex molecules, while bacteria are thought to feed primarily on LMW sugars, which is in 403 
line with this result[70,71]. However, these roles are highly context-dependent. For example, 404 
some rhizosphere fungi can outcompete bacteria for labile exudates under nutrient-limiting 405 
conditions, and selective grazing from protists and nematodes can also shift fungal-to-406 
bacterial ratios thereby altering decomposition and N-availability[72,73]. However, there was 407 
no interaction effect with nitrogen addition in 2085, which has previously been shown to 408 
affect wheat straw decomposition through altered bacteria and fungi dynamics[74]. Soil 409 
moisture was the only environmental parameter having a considerable influence on the 410 
model’s predictive power (Figure 6). Soil moisture influences decomposition and microbial 411 
activity by regulating oxygen availability and substrate diffusion[75,76], which possibly 412 
contributed to the increased decomposition rates particularly in unplanted cubes in 2013, 413 
which was the wettest year during the study period (Figure 1). Decomposition is generally 414 
considered to be also temperature sensitive[77]. Temperature's lack of relevance in this 415 
multivariate context could have stemmed from its effects being constrained or masked by 416 
other factors such as moisture or microbe-substrate interactions[78]. On the other hand, 417 
previous studies have found that microbial decomposition can be very resistant to 418 
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temperature[79,80], so the absence of temperature effects on decomposition could also indicate 419 
true absence of ecological relevance in this context.   420 

4.5 Possible impact of winter conditions on soil processes in 2013 421 

The biggest difference in decomposition between planted and unplanted cubes was observed 422 
in the 2013 climate, which was also the year where plants and soils experienced winter 423 
conditions with below zero temperature (Figure 1, Figure 2). Freeze-thaw cycles can disrupt 424 
microbial cells and soil aggregates, leading to cell lysis and the release of organic matter, 425 
including labile carbon and nitrogen compounds[81]. This "thaw burst" can enhance microbial 426 
mineralization rates as surviving or recolonizing microbes rapidly decompose the newly 427 
available substrates, increasing nutrient cycling and CO� emissions in the short term[82]. In 428 
the unplanted soils, all elements released through this process were available to microbes, 429 
increasing decomposition. In the planted soils, plants also took up some of the nutrients 430 
released by microbial turnover, thus lowering resources for microbes and therewith their 431 
metabolic activity in mineralizing organic materials. Prolonged freezing can also reduce 432 
overall microbial biomass and diversity over winter, delaying mineralization recovery[83]. If 433 
thaw coincides with erratic precipitation, it can lead to nutrient losses via leaching and/or 434 
denitrification, reducing net mineralization efficiency, which aligns with the lower overall 435 
NO3

- and respiration in 2013 (Figure 3, Figure 5). Microbes often outcompete plants for N 436 
post-thaw due to higher surface area and rapid growth, leading to temporary N-437 
immobilization and suppressed plant uptake[84]. This could explain the lower decomposition, 438 
and NO�� in planted soils in 2013 as plants can exacerbate resource scarcity. In unplanted 439 
soils, microbial activity is not limited by resource drain from plant nutrient uptake, possibly 440 
amplifying differences between planted and unplanted soils. Warmer winters in the future 441 
could reduce the nutrient flush from thawing events, leading to more balanced nutrient pools 442 
but potentially higher overall microbial N-sequestration if their activity is not limited by 443 
carbon or other factors. 444 

4.6 (No) differences between soil types 445 

In the low organic matter soil S1, the unplanted soil was wetter than the planted, most likely 446 
due to plant water-uptake in the planted cubes[85]. Interestingly, in the high organic matter soil 447 
S2, the unplanted soil was drier than the planted soil in 2013 and 2068, possibly due to 448 
increased drainage and/or evapotranspiration in unplanted S2 cubes, and/or due to increased 449 
water-holding capacity of planted cubes in S2 in these years[86,87]. Decomposition rates were 450 
higher in unplanted S2 in 2013 and in planted S1 soils in 2085 (Figure 2). This aligns with 451 
resource competition dynamics, where plant presence may suppress decomposition in high-452 
SOM soils via nutrient limitations on microbes, while enhancing it in low-SOM contexts 453 
through priming effects, though this was not reflected in soil CO2-emissions as measured 454 
here[42,46]. Notably, this mirrors plant performance and yield trends, which were higher in S1 455 
than S2, likely because lower SOM in S1 reduces microbial competition for nutrients, 456 
allowing greater crop access and productivity, while higher SOM in S2 supports faster 457 
microbial decomposition but may limit yields through antagonistic interactions or nutrient 458 
immobilization, in contrast to expectations[12,10,50,88].  459 

Despite these contrasting soil water dynamics between S1 and S2, measured parameters like 460 
decomposition, respiration, and glucose equivalents showed minimal differences overall, 461 
indicating that this process is either driven by stoichiometry as both soils have a C:N ratio of 462 
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10.5, and/or that plants and soil microbes can buffer against water and temperature variability 463 
to sustain homeostasis in nutrient cycling and microbial activity[89,90]. This resilience aligns 464 
with findings of no significant grain quality differences between these two soil types in the 465 
same experiment[91], though climate exerted a broad negative impact on grain quality, 466 
highlighting the sensitivity of crops to abiotic stressors despite biotic buffering. 467 

4.7 Implications for agroecosystems under climate change 468 

The slowing down of decomposition in the presence of growing plants as demonstrated here 469 
and elsewhere[42] supports the integration of cover crops in rotations as they can prevent N-470 
leaching and provide habitat for diverse species[92]. It has also been suggested that inhibition 471 
of decomposition by ecto-mycorrhizal fungi in forested ecosystems resulting from plant-472 
microbe-competition can increase soil C storage[93,94], which could also be a mechanistic 473 
explanation for increased soil C-stocks described under cover crops[95,96]. However, the 474 
results of this study also indicate that soil management and fertilization practices can still be 475 
improved to synchronize soil nutrient provision with plant nutrient demand, particularly at 476 
critical growth stages like stem elongation. One possible lever to improve N-availability for 477 
plants which might become even more relevant under future climates is nitrification 478 
inhibition, either synthetic or biological[97,98]. Another path towards mitigating the risk of 479 
nutrient losses to plant-microbe competition could be increasing the inherent capacity of 480 
cereals to acquire nitrogen-fixing microbes[99]. Similarly, practices like intercropping or 481 
integrating legumes into crop rotations could help balance plant-microbe dynamics and 482 
promote steady mineralization while mitigating nutrient losses to competition, however this 483 
does not always benefit yields[100,101]. The results of this study also reinforce the benefits of 484 
split fertilization in cereal systems, as nutrient demands at critical growth stages can be high 485 
necessitating readily plant-available nitrogen to support plant growth and fitness, and 486 
ultimately yields and protein contents[102]. 487 

4.8 Limitations & outlook 488 

The present study covered a period of 14 days for the assessment of decomposition via the tea 489 
bag index, which is an appropriate timeframe to capture the majority of overall mass loss 490 
from tea bags and differences between green and rooibos tea (SM8)[15]. Yet we acknowledge 491 
that this period represents solely the conditions around the stem elongation growth stage of 492 
the wheat plants in the respective climates. Decomposition dynamics may be different at 493 
different growth stages[47,103] which were not studied in the present experiment to avoid 494 
confounding factors such as diverting growth stages due to staggered development and 495 
differences in external inputs from multiple doses of fertilization (Table 1, Figure 2). Further, 496 
given that microbial processes and plant N-uptake can be fast (seconds-hours), it is possible 497 
that some of the dynamics were missed despite the methods used being very sensitive. 498 
Finally, the main factor of this experiment was plant presence or absence, for each of which 499 
we had six independent replicates, but nested within the main factor ‘plant’ were the factors 500 
soil and climate for which only technical replicates exist. While we can have confidence in 501 
the main plant-effect which was suppression of decomposition consistent across all soil x 502 
climate modalities and in line with previous studies[42], future experiments could increase the 503 
replication for nested factors like soil type and climate to further nuance the findings. Future 504 
studies could also increase the spatial and temporal resolution of data acquisition e.g. by 505 
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increasing rates of sampling for highly dynamic parameter, installing continuous nitrate 506 
sensors and potentially tracking C and N molecules using stable isotopes. 507 

5. Conclusion 508 

Overall, this study supports the inclusion of plant-microbe competition and of the sink 509 
strength of belowground networks into nutrient cycling models for the rhizosphere. By 510 
prioritizing approaches that account for these interactions, crop production can be tailored 511 
towards reliable soil nutrient provision and adapted to altered plant nutrient demand under 512 
varying meteorological conditions. Future research with broader temporal scales could 513 
further define these insights for different plant growth stages. Quantifying the sink strength of 514 
belowground trophic networks could also inform the timing of fertilizer use to reduce the risk 515 
of nutrient losses especially when plant demand is high. Future management strategies could 516 
leverage the observed plant-microbe dynamics to enhance the ability of the microbial loop to 517 
stabilize nitrogen against leaching during extreme weather while simultaneously improving 518 
the synchrony between mineralization and the spatio-temporal nutrient demands of crop 519 
plants. By optimizing this biological buffer system, agroecosystems can achieve greater 520 
climate resilience, maintaining both soil health and productivity under increasingly volatile 521 
environmental conditions. 522 
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