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ABSTRACT

Water table management such as temporal flooding

is an important strategy for influencing vegetation

development and creating suitable habitat for

wildlife in managed wetland systems. Water

table fluctuations can also affect soil carbon and

nutrient cycling through changes in abiotic soil

properties, plant traits and soil microbial commu-

nities, but research on the effect of temporal

flooding on these relations is limited. Here we tes-

ted the hypothesis that winter inundation leads to a

plant community with more fast-growth-related

plant traits, a bacterial-dominated soil microbial

community, and lower soil organic carbon stocks

compared to a year-round dry grassland. We com-

pared soil and vegetation of winter-inundated and

non-inundated grassland in a Dutch-managed

wetland area. In contrast to our hypothesis, we

found that winter inundation results in plant

communities with more slow-growth-related traits

and microbial communities more dominated by

fungi, compared to non-inundated grassland. We

found no difference between shallow soil organic

carbon stocks, carbon-to-nitrogen ratios or nitro-

gen-to-phosphorous ratios. Winter inundation did,

however, change the relationship between soil and

vegetation properties and soil carbon stocks, as well

as soil nutrient ratios. While soil carbon stocks in

non-inundated grassland were explained by abiotic

soil and vegetation properties, soil carbon stocks

were only explained by microbial properties in

winter-inundated grasslands. These findings show

that winter inundation can be used for vegetation

and wildlife management with limited effects on

soil carbon stocks.
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HIGHLIGHTS

� Winter inundation influences plant and soil

microbial communities

� Winter inundation does not influence shallow

soil organic carbon stocks

� Winter inundation does change the relation

between soil, vegetation and soil carbon

INTRODUCTION

Water table fluctuation is an important process that

regulates many ecosystem properties and processes

in natural wetland ecosystems (e.g. Webb and

others 2012; You and others 2019; Zhao and others

2020). Therefore, restoring water level regimes,

such as temporal flooding, is a key and often used

management strategy for restoring dynamics in

managed wetland systems (Euliss and others 2008;

Liu and others 2020). For example, managing wa-

ter tables to allow for temporal flooding is used to

create suitable habitat for target species, like feed-

ing grounds and nesting areas for birds (Paillisson

and others 2002; Hu and others 2021). At the same

time, temporal flooding can impact several impor-

tant ecosystem functions and properties such as

carbon (C) and nutrient cycling (Morelle and oth-

ers 2024) and soil C storage, via changes in soil

abiotic and biotic properties, plant communities

and the interactions between these components.

Understanding the C balance of a system is

increasingly important for nature managers in the

light of upcoming soil policies that focus on soil

health and C sequestration, like the European

Union soil monitoring law (European council,

2024). Although several studies have focused on

the interplay between soil and vegetation proper-

ties and soil C stocks in terrestrial grassland systems

(e.g. de Vries and others 2012; Manning and others

2015), little is known about the effect of temporal

flooding on the role of plant and soil microbial

communities in determining soil C storage in

temperate wetland–grassland systems.

Soil organic carbon (SOC) is an important ter-

restrial C reservoir of which the dynamics are

influenced by a complex interplay of abiotic and

biotic processes. For example, there is evidence that

variations in SOC stocks in grasslands are explained

by a combination of climate variables and plant

traits (Manning and others 2015) and that the

structure of the soil food web and the biomass of

different functional groups within the soil food web

explain C and nitrogen (N) cycling processes (De

Vries and others 2013). In addition, the composi-

tion of the microbial community was found to be

associated with climate, abiotic soil variables and

plant traits (de Vries and others 2012; Delgado-

Baquerizo and others 2018). Plant communities

with fast-growth-related traits, such as high specific

leaf area (SLA), are associated with more bacterial-

dominated microbial communities (Orwin and

others 2010; de Vries and others 2012). However,

none of these studies tested the combined effect of

abiotic soil properties, plant communities and

microbial communities on SOC stocks.

Plant communities can influence SOC formation

and mineralisation directly via changes in litter

inputs and indirectly via controlling soil microbial

community composition and activity (Fontaine and

others, 2024). Above and belowground plant litter

and root exudates are the main inputs to SOC and

can be directly incorporated in the soil organic

matter or after microbial processing (Bai and Co-

trufo 2022; Sokol and others 2022). Plants with

fast-growth-related traits such as high leaf N con-

tent, high SLA and low leaf dry matter content

(LDMC) produce more easily decomposable litter,

which can increase microbial activity and miner-

alisation of SOC stocks (De Deyn and others 2008).

However, litter with a low C:N ratio can also in-

crease SOC stocks because it is more easily

decomposed into small and simple compounds that

bind to mineral surfaces, which protects the SOC

from further mineralisation (Cotrufo and others

2013; Lavallee and others 2018; Ridgeway and

others 2022). Fast-growth plant species are also

associated with increased SOC mineralisation

through higher rhizodeposition by living roots

(Henneron and others 2020). The high-quality lit-

ter from fast-growing plants generally selects for

bacterial-dominated soil microbial communities

that favour low C:N ratios, while low quality litter

selects for more fungal-dominated communities

(De Deyn and others 2008). These fungal-domi-

nated microbial communities are associated with

higher SOC stocks (Malik and others 2016), be-

cause fungal necromass is harder to decompose and

because of a higher C use efficiency of fungi com-

pared to bacteria, i.e., fungi respire less CO2 per C

used for internal processes (De Deyn and others

2008; Bai and Cotrufo 2022). Though microbial C

use efficiency is considered to be an important

regulator of SOC stocks at the global scale (Tao and

others 2023), a microcosm experiment showed that

the relation between C use efficiency and SOC

formation is more complex and not always positive

(Sokol and others 2024). Although Orwin and

others (2010) found a positive relationship be-
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tween fast-growth-related plant traits, bacterial

biomass and N mineralisation, they found a nega-

tive relationship with C mineralisation and no ef-

fect on SOC stocks. Despite these advances in

understanding the mechanisms determining SOC

dynamics, the process of soil organic matter for-

mation remains complex, and the relative impor-

tance of these mechanisms is not always known,

especially under field conditions.

Temporal flooding can have large effects on abi-

otic and biotic soil properties and plant communi-

ties, and thereby on SOC formation and

degradation processes. Plant community composi-

tion can be highly variable from year to year,

depending on flood timing, duration and depth

(Toogood and others 2008; Toogood and Joyce

2009; Webb and others 2012). Temporal inunda-

tion acts as a disturbance that favours fast-growing

ruderal plants over slow-growing species (Toogood

and others 2008), mainly by increasing the per-

centage of bare soil that is easily colonised by fast-

growing species (Toogood and Joyce 2009). The

decrease of oxygen availability in inundated soils

leads to an increase in anaerobic and low oxygen

tolerating bacteria (Unger and others 2009a; Ed-

wards and others 2023). These bacteria have sev-

eral alternative pathways for SOC degradation in

the absence of oxygen, but knowledge of their role

in SOC sequestration is limited (Yarwood 2018).

Repeated winter inundation caused a decrease in

fungal-to-bacterial ratio (Wang and others 2019)

and increased flood duration was associated with a

lower fungal-to-bacterial ratio in floodplains as

well (Moche and others 2015), but there was no

clear link with SOC. Thus, while we understand

the effect of inundation on plant and soil commu-

nities, their combined effect on SOC stocks remains

indecisive.

Here, we aimed to test to what extent abiotic soil

variables, vegetation and soil microbial communi-

ties explain SOC stocks under two different water

table regimes in a Dutch wetland–grassland system.

We hypothesised that plant communities with

slow-growth-related plant traits and fungal-domi-

nated microbial communities are associated with

higher SOC stocks and a higher C:N ratio of SOM.

Specifically, we expected that winter inundation

favours plant communities with fast-growth

strategies, and we expected those fast-growing

plants to select for more bacterial-dominated soil

microbial communities and lower SOC stocks.

Conversely, we expected plant communities in dry

grasslands to have a more slow-growth strategy

associated with more fungal-dominated soil

microbial communities and therefore higher SOC

stocks (Figure 1). In addition, we expected these

relationships to be most pronounced in the top

15 cm of the soil profile and to be dominated by

biotic properties, while in deeper soil layers abiotic

properties would be more important.

We tested these hypotheses by sampling soil and

vegetation properties in a winter-inundated and a

year-round dry grassland area and used linear

regression modes to test which soil and vegetation

properties explain SOC stocks in each grassland

type. Our results will contribute to better under-

standing of the complex relation between seasonal

flooding, soil and vegetation properties and SOC,

which can support nature reserve managers in

understanding the above and belowground conse-

quences of proposed water level management

strategies.

METHODS

Study Site

The study was done in grassland areas of the

Oostvaardersplassen (52�25¢41.8¢¢N 5�22¢23.3¢¢E,
The Netherlands, Figure 2), a human-made eu-

trophic clay wetland area on soil reclaimed in 1968

from freshwater lake IJsselmeer. The soil profile

consists of several layers of marine and lacustrine

clay-rich deposits and is relatively homogenous,

except for one area where leftover sediments were

deposited (Lenselink and others 1998). The Oost-

vaardersplassen consists of a marsh area (not in-

cluded in this study), a year-round dry grassland

area and a winter-inundated grassland area that is

flooded roughly between December and May.

These areas are separated by dikes, and weirs are

used to regulate the water level in each compart-

ment. The winter inundation regime was imple-

mented in 1983 and allows for interannual

fluctuations of flooding intensity and duration as a

result of variability in precipitation and evapo-

transpiration. Both grassland areas are grazed by

free roaming heck cattle, konik horses and red

deer. Several fenced areas in the dry grasslands

have been unavailable for herbivores since 2020.

Sampling Procedure

We sampled soil and vegetation in 70 dry grassland

plots and 23 winter-inundated grassland plots be-

tween September and October 2022 (Figure 2).

There was no standing water on the winter-inun-

dated plots during the sampling period. Sample

locations were chosen randomly using ArcGIS Pro

(Esri), while maintaining a similar sample density

across both areas. The total area in which samples
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were taken was approximately 14 km2. See sup-

plementary materials for details on the sample

location selection procedure.

At each location we set up a 2-by-2 m plot and

recorded the percentage cover of all plant species

present. We sampled aboveground biomass by

clipping all vegetation above 4 cm height in a 30 by

30 cm square, and we sampled belowground bio-

mass by pooling three 3 cm-diameter and 30 cm-

deep soil cores. To sample the upper soil layer, we

pooled twenty 1.5 cm-diameter and 15 cm-deep

soil cores, to capture heterogeneity in the upper soil

layer. Because we encountered issues with soil

compaction while attempting to sample deeper soil

layers with a single soil core, we sampled the 15–

30 cm soil layer by digging a small 30 cm-deep soil

pit and sampling soil from the side of the pit using

two 5-cm-diameter bulk density rings. We took a

70 cm-long 3 cm-diameter soil core from the bot-

tom of this small soil pit to sample soil between 30

Figure 1. Graphical representation of the proposed hypothesis. We hypothesise that soil organic carbon is explained by a

combination of abiotic soil properties, plant community variables and microbial community variables.

Figure 2. Sampling site the Oostvaardersplassen. The green circles are the sample locations on dry grassland (N = 70), and

the blue squares indicate the sample locations on winter-inundated grassland (N = 23).
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and 100 cm. While the pooled 0–15 cm soil layer

samples will likely capture more of the hetero-

geneity present than the single core samples from

the 15–30 cm and 30–100 cm soil layers, we still

chose to include these deeper soil layers as these

are often not sampled in field experiments. Espe-

cially given that we only had 2-by-2 m plots with

sufficient replicates, and that we used a corer with

a larger diameter, we believe that this sampling

strategy gives an adequate representation of the C

content of deeper soil layers. Soil samples were

stored at 4 �C until further processing. All samples

were taken at random within the 2-by-2 m plot.

Bulk density was sampled at the side of a soil pit

with 5 cm-diameter (100 cm3) metal rings at 7.5,

22.5 and 60 cm depth. Because of practical con-

straints, we sampled bulk density in 18 soil pits in

the dry grasslands and 3 soil pits in the winter-

inundated grassland. The bulk density value of the

nearest bulk density soil pit was assigned to each of

the 93 soil sample locations.

Soil Carbon and Nutrient Analysis

All 0–15 cm soil samples were sieved fresh over a

2 mm sieve. The fresh sample was used for soil

nutrient analysis, another part of the sample was

dried at 40 �C and milled using a planetary ball mill

and used for total soil C, N and phosphorous (P)

analysis. The 15–30 and 30–100 soil samples were

dried at 40 �C after removing large root and shell

fragments, homogenised with a Retsch jaw crusher

and milled. Total soil C and N content was mea-

sured in all soil samples on an Elementar Vario EL

Cube elemental analyser (Langenselbold, Ger-

many). Soil inorganic C content was quantified by

weight loss after the addition of hydrochloric acid

to 3 g of soil (Van Wesemael, 1955) on a subset of

samples and subtracted from the total C content to

get organic C content. Total soil P content was only

determined for 0–15 cm soils by digesting 0.1 g of

soil in aqua regia in an Anton Paar multiwave Pro

microwave (Ostfildern, Germany). Extracts were

measured on an Optima-8000 Perkin Elmer ICP-

OES (Waltham, USA). To quantify plant available

nutrients, 6 g dry weight of the 0–15 cm sieved

fresh soil was extracted with 30 mL 1 M KCl, sha-

ken for 1 h and then filtered over 0.45 lm filters.

Extracts were analysed for inorganic N (NO2
-,

NO3
-, NH4

+) and P (PO4
3-) on a Skalar segmented

flow SAN++ auto-analyser (Breda, Netherlands).

Dissolved organic carbon (DOC) was extracted

from 20 g soil (dry weight) in 50 mL milliQ water.

Samples were shaken for 2 h, left overnight, and

shaken again for 30 min. pH and soil electrical

conductivity (EC) were measured, and the extracts

were filtered over 0.45 lm filters. We only mea-

sured pH and EC in the first 15 cm since we did not

expect high variation of abiotic properties

throughout the soil profile, because of the

homogenous marine and lacustrine deposits and

the limited time for soil formation processes like

leaching and bioturbation. DOC was measured on a

Shimadzu TOC-VCPH analyser (Kyoto, Japan). Total

N and inorganic N were measured in the same

extract on an auto-analyser (Segmented flow

SAN++ , Skalar) and subtracted to calculate dis-

solved organic N (DON). Bulk density was used to

convert C, N, P content and nutrient concentra-

tions to stocks.

Soil Microbial Analysis

For all 0–15 cm soil samples we quantified total

microbial C and N using the chloroform fumigation

method. Briefly, 5 gr dry weight equivalent fresh

soil was placed under a chloroform atmosphere for

24 h and extracted with 50 mL 0.01 M K2SO4. The

extracts were shaken for 1 h and filtered over

0.45 lm filters and C and N were measured on an

Elementar TOC cube (Langenselbold, Germany)

and Skalar segmented flow SAN + + auto-analyser

(Breda, Netherlands), respectively. The difference

between C and N in fumigated and unfumigated

extracts was divided by 0.45 (Vance and Jenkinson

1987) and 0.54 (Brookes and others 1985) to cal-

culate microbial C and N, respectively. Fungal and

bacterial abundance and microbial community

structure were quantified with phospholipid fatty

acid (PLFA) analysis. A subsample of fresh 0–15 cm

soil was stored at -20 �C directly after sieving and

freeze dried before analysis. PLFAs were extracted

from 1 g dry soil using a high throughput protocol

based on Bligh & Dyer (1959) and measured on an

Agilent 7890A GC-FID (Santa Clara, USA). We

used the fatty acids iC15:0, aiC15:0, i16:0,

10Me16:0, i17:0, ai17:0, 10Me17:0, 10Me18:0 as

gram-positive bacterial markers, and 16:1x8c,
16:1x7c, 17:1x8c, 17:1x7c 18:1x8c and cyC19:0 as

gram-negative bacterial markers (Frostegård and

Bååth 1996; Bodelier and others 2009; Veum and

others 2019; Joergensen 2022). We distinguished

between gram-negative and gram-positive bacteria

as these are reported to be associated with different

carbon sources in soils (Kramer and Gleixner 2008;

Fanin and others 2019). As fungal markers we used

18:3x6c and 18:2x6c (Frostegård and others 2011;

Willers and others 2015; Joergensen 2022;

Camenzind and others 2024) and 16:1x5c, 17:0,

18:1x9c, 18:1x9t and 20:0 were used as general
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microbial markers (Frostegård and others 2011;

Joergensen 2022). We divided the total fungal

PLFA by the total bacterial PLFA to calculate the

ratio of fungal to bacterial biomass (F:B ratio) in

each plot. A positive shift in F:B ratio indicates that

the microbial community is more fungal domi-

nated.

Vegetation Analysis

Aboveground biomass was dried for at least 72 h at

70 �C before weighing. The belowground biomass

cores were washed and roots were dried for at least

72 h at 70 �C before weighing as well. For all plant

species present in the plots trait values on leaf N,

SLA and LDMC were downloaded from the TRY

database (Kattge and others 2020). We filtered on

studies between 45 and 65� northern latitude and

on databases collected in temperate regions, to get

trait values representative for the Oostvaarder-

splassen. For each species, trait values were first

averaged by author to avoid bias from measure-

ments done in the same system, as in De Vries and

others (2012), and then averaged again to get the

final trait value. The community-weighted mean

was calculated for each 2 9 2 m plot using the

percentage coverage of each species as weights.

Trait values that were not available in the TRY

database were obtained via literature search, mea-

sured in the laboratory from plants collected in the

fieldwork area, or left out of the analysis for species

with low cover and or occurrence (Table S1). We

did not include root traits in our analysis, because

percentages cover of aboveground vegetation is

hard to translate to belowground abundances.

From the vegetation survey abundance data, we

also calculated the plant species richness as the

number of species per plot, and the Shannon

diversity index as the sum of the relative abun-

dance of a species multiplied by the natural loga-

rithm of the relative abundance of that species,

multiplied by negative 1. The Shannon diversity

index is a measure for biodiversity that takes into

account both species richness and evenness.

Statistical Analysis

We used R v4.4.1 (R core team, 2024) for all sta-

tistical analyses and visualisations. First, we tested

for differences between dry and winter-inundated

grasslands in the measured soil and vegetation

variables with a Mann–Whitney–Wilcoxon test,

because most of the data were not normally dis-

tributed.

We then assessed and summarised the plant and

microbial community composition by performing

principal component analysis (PCA) on the relative

abundance of plant species and PLFAs. We did this

for all plots together to assess the difference be-

tween dry and winter-inundated grassland, and for

dry and winter-inundated grassland separately to

assess plant and microbial communities within

grassland type. We used PC axis 1 of the within

grassland type analysis as predictor variable repre-

senting vegetation and microbial communities for

subsequent analyses.

Next, we used a model selection procedure to

find the models that best explain soil C stocks and

soil SOM characteristics in dry and winter-inun-

dated grasslands. We chose to generate separate

models for dry and winter-inundated grassland

because we were interested in the relation between

soil and vegetation variables and soil C within each

grassland type, rather than the effect of winter

inundation on soil C. Our model selection proce-

dure was adapted from de Vries and others (2012),

Manning and others (2015) and Rodrı́guez and

others (2023), as we added predictor variables in

three stages based on a hypothesised hierarchy of

their control on SOC. We hypothesised that abiotic

soil characteristics are the most important controls

on SOC, i.e., at the highest hierarchical level, as

they largely arise from the parent material. We

expected the plant community to be the second

most important factor controlling SOC, as plant

community composition is highly influenced by

soil abiotic properties and flooding regimes. Last,

we added soil microbial community variables, as

changes in plant communities exert control on soil

microbial communities.

Before starting our model selection procedure,

we chose a subset of abiotic soil variables, vegeta-

tion variables and soil microbial community vari-

ables. After calculating a correlation matrix

(Figure S1) between all potential predictor vari-

ables, we omitted variables with high correlations

to each other to minimise the risk for problems

with multicollinearity in the regression analysis

(see Table S2 for the selected predictor variables).

As an extra check we calculated the variable

inflation factor of the variables before and after

omitting variables with high correlations

(Table S3). We selected pH, EC and soil disturbance

as soil abiotic predictors, above- and belowground

biomass, the community-weighted mean of leaf N

and SLA, Shannon diversity index and vegetation

PC1 as vegetation predictors, and microbial C:N

ratio, fungal:bacterial (F:B) ratio and PLFA PC1 as

microbial community predictors. We also added a

quadratic term for pH to our models (pH2), since

we expected the relation between pH and SOC to
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have an optimum. The variable soil disturbance

refers to the area where sediments were deposited

and accounts for soil physiochemical differences

between these disturbed plots and the undisturbed

plots in the old lacustrine and marine clay sedi-

ments. This is included in our analysis as a factor

with two levels (undisturbed and disturbed). We

used elevation maps to identify the disturbed area,

as the deposition of sediments increased surface

elevation up to a meter. We chose to include

above- and belowground vegetation biomass be-

cause we expected an effect of the quantity of litter

inputs on SOC formation. We also included com-

munity composition of the plant and microbial

community to account for differences in commu-

nity composition that are not driven by the com-

munity-weighted mean of leaf N and SLA or F:B

ratio.

We first fit statistical models to assess how the

selected vegetation and microbial community

variables are influenced by spatial organisation and

abiotic soil variables. We used distance-based

Moran’s eigenvalue maps (dbMEMs) as spatial

predictors (Dray and others 2006), and calculated

those with the dbMeM function from the adespatial

package (Dray and others 2024). The dbMEMs

were calculated from the locations of the sample

plots only, and represented the possible spatial

patterns of a variable, ranging from coarse, big-

clustered patterns to fine-scaled patterns with small

clusters. We only used the dbMEMs associated with

a positive eigenvalue. We then fit linear regression

models to explain vegetation and soil microbial

variables as a function of abiotic variables and

dbMEMs (Figure 3A). All models were conven-

tional linear regression models, because there was

no nesting in the sampling design. We used the

glmulti function from the package glmulti (Cal-

cagno, 2020) for automatic model selection based

on the Akaike information criterion for small

sample size (AICc). The significance of each pre-

dictor in the model with the lowest AICc was

evaluated with an F-test with the drop1 function.

Only predictors that significantly improved the

model were kept in the final model.

We then generated linear regression models to

explain soil C stocks and soil SOM characteristics

with abiotic soil, vegetation and microbial com-

munity variables. We fit separate models for SOM

at the three soil depth intervals and for the soil C:N

and N:P ratios in the 0–15 cm soil layer. Abiotic soil

variables (pH, EC and soil disturbance in dry

grassland) were first added without interactions,

and the glmulti function was run to find the model

with the lowest AICc (Figure 3B). The significance

of each predictor in this model was evaluated with

an F-test. When more than one predictor was

found to be significant in the F-test, the glmulti

function was run again including interactions be-

tween the retained variables. The significance of

retained interaction terms was evaluated again

with an F-test. Then, vegetation variables (above-

and belowground biomass, leaf N, SLA, Shannon

diversity index, vegetation PC1) were added and

this procedure was repeated. Interactions were

only tested for between vegetation and the abiotic

soil variables EC and soil disturbance, because we

expected no interactions between vegetation vari-

ables. Finally, microbial variables (microbial C:N

ratio, F:B ratio and PLFA PC1) were added and

evaluated the same way. This resulted in our final

linear regression models explaining SOM stocks

and soil C:N and N:P ratios.

Use of Artificial Intelligence

We used ChatGPT (OpenAI, 2025) to assist with

writing R syntax and to debug parts of the code.

ChatGPT was also used to give suggestions for

minor edits on one paragraph in the results section

and one paragraph in the discussion, and to

translate several technical terms from Dutch to

English.

RESULTS

Effect of Winter Inundation

There was no difference in pH between dry and

winter-inundated grasslands, but winter-inundated

grasslands had higher EC values (Table S4). Com-

munity-weighted means of the plant traits SLA,

leaf N and LDMC, and both above- and below-

ground biomass were lower in winter-inundated

grassland (Figure 4, Table S4). Plant community

composition differed between the two grassland

types, with dry grassland communities being

dominated by Agrostis stolonifera, Trifolium repens

and Plantago lanceolata, and winter-inundated

grasslands by Pulicaria vulgaris, Bidens cernua and

Rumex palustris (Figure S2A).

Microbial community composition also differed

between grasslands, but this was not driven by one

specific microbial group (Figure S3A). While there

was no difference in bacterial PLFA stocks, fungal

PLFA stocks were higher in winter-inundated

grassland, resulting in a higher F:B ratio. Microbial

biomass C was lower in winter-inundated grass-

land, and microbial biomass C:N ratio was higher in

these grasslands.
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There was no difference between dry and winter-

inundated shallow (0–15 cm) SOC, N and P stocks

or C:N and N:P ratios, but DOC, DON and plant

available nutrients NO3
-, NO2

- and PO4
3- were all

lower in winter-inundated grassland (Figure 5,

Table S4). In deeper soil layers (15–30 and 30–

100 cm) total C and N stocks were also lower in

winter-inundated grasslands (Figure 5).

Spatial and Abiotic Soil Variables
Explaining Plant and Microbial
Communities

All vegetation and microbial variables in dry

grasslands were associated with at least one

dbMEM, which function as spatial predictors in the

regression analysis. This indicates spatial organisa-

tion of vegetation and microbial communities at

various scales (Figure S4, Table S5). All soil and

microbial variables were also explained by one or

more abiotic soil variables. In winter-inundated

grasslands dbMEM spatial predictors explained

(part of) the variation in community-weighted

mean specific leaf area, Shannon index of plant

diversity and all microbial variables (Figure S5,

Table S6). pH was positively associated with

microbial C:N ratio and has a quadratic relationship

with an optimum with the Shannon index of plant

diversity. Community-weighted mean leaf N and

above and belowground biomass were not associ-

ated with any of the dbMEM spatial predictors or

abiotic variables. Residuals of the models were

normally distributed (Figure S6, S7) and each se-

lected predictor improved the AICc of the final

model (Table S7, Table S8), except for Soil distur-

bance in the model explaining vegetation PC axis 1.

Soil and Vegetation Variables Explaining
Soil Carbon Stocks

The model selection procedure resulted in different

models explaining SOC stocks in the two grassland

types. In dry grasslands, 69% of variation in shal-

low SOC stocks (0–15 cm) was explained by a

combination of abiotic variables and vegetation

community and diversity (Table 1; Figure 6). At

this depth, SOC stocks were positively associated

with soil disturbance, plant diversity and plant

community PC1, and had a quadratic relationship

with pH, with a minimum around pH 8. In winter-

Figure 3. Workflow figure of the model selection procedure of explaining vegetation and microbial variables by abiotic

soil variables and spatial predictors (distance-based Moran’s eigenvalue maps (dbMEMs) (A) and explaining SOM stocks

by adding abiotic, vegetation and microbial predictors in a fixed order (B).
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inundated grassland, 58% of variation in shallow

SOC stocks was explained by microbial community

variables. Shallow SOC stocks were negatively

associated with microbial community PC1 and F:B

ratio.

Models for 15–30 cm SOC stocks were similar to

those for 0–15 cm, but without soil disturbance in

the dry grassland model and F:B ratio in the win-

ter-inundated model. Both 15–30 cm models ex-

plained less variation in SOC stocks than the 0–

15 cm models. None of the variables increased the

model fit for deep SOC stocks (30–100 cm) com-

pared to an intercept only model in dry grassland.

In winter-inundated grassland, only 30% of the

variation in these deep SOC stocks was explained,

and this model only included the EC of the soil.

Each selected predictor improved the AICc of the

final model (Table S9) and all models met the

assumption of normally distributed residuals (Fig-

ure S8).

Figure 4. Difference between dry and winter-inundated grasslands for the a CWM (community-weighted mean) of Leaf

N (nitrogen) and b SLA (Specific leaf area, c microbial biomass C:N (carbon to nitrogen) ratio and d fungal-to-bacterial

PLFA ratio. Symbols indicate the p-value of a two-sided Mann–Whitney–Wilcoxon test. ns = not significant, *:

p < = 0.05, **: p < = 0.01, ***: p < = 0.001, ****: p < = 0.0001.
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Soil and Vegetation Variables Explaining
Soil C:N and N:P Ratios

Similar to SOC stocks, different models explained

soil C:N and N:P ratios in the top 0–15 cm in dry

and winter-inundated grassland. Plant community

PC1 was positively associated with C:N ratio in dry

grassland, but explained only 14% of variation

(Table 2). Soil C:N ratio in winter-inundated

grassland had a negative relationship with above-

ground biomass, but a positive relationship with

PLFA PC1. Both variables explained 67% of varia-

tion in soil (or SOM) C:N ratio. The same model

was selected for the N:P ratio in winter-inundated

grassland, but with opposite coefficient directions

and explained 48% of variation. In dry grassland,

soil N:P ratios were higher with soil disturbance,

but the relation with pH was negative – this model

explained 66% of the variation in soil N:P ratios.

Each selected predictor improved the AICc of the

Figure 5. Soil organic carbon (SOC) stocks at different depth intervals for dry and winter-inundated grassland. Symbols

indicate the p-value of a two-sided Mann–Whitney–Wilcoxon test. ns = not significant, *: p < = 0.05, **: p < = 0.01,

***: p < = 0.001, ****: p < = 0.00001.

Table 1. Selected Regression Models for Soil Organic Carbon (SOC) Stocks at Three Depth Intervals in Dry
and Winter-Inundated Grasslands

SOC dry 0–

15 cm

SOC inundated

0–15 cm

SOC dry 15–

30 cm

SOC inundated

15–30 cm

SOC dry 30–

100 cm

SOC inundated

30–100 cm

Soil disturbance 9.20* (3.84)

pH - 86.55*

(36.30)

- 133.46 *

(51.64)

pH2 5.31* (2.59) 8.06* (3.67)

EC 0.01** (0.00)

Vegetation PC1 3.38***

(0.94)

3.68 **

(1.17)

Shannon diver-

sity index

9.05* (3.41) 10.16 *

(4.90)

PLFA PC1 - 4.74***

(0.91)

- 1.92** (0.64)

F:B PLFA Ratio - 1071.47**

(373.83)

R2 0.69 0.58 0.58 0.30 0.00 0.31

***p < 0.001; **p < 0.01; *p < 0.05.
Absolute coefficient estimates are displayed with the standard error in brackets. EC = electrical conductivity, pH2 is the quadratic term for pH, vegetation PC1 = principal
component axis 1 of plant community composition, PLFA = phospholipid fatty acids, F:B ratio = fungal-to-bacterial PLFA ratio, and PLFA PC1 = principal component axis 1
of microbial community composition.
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final model (Table S10) and all models met the

assumption of normally distributed residuals (Fig-

ure S9).

DISCUSSION

We aimed to test the relationships between soil and

vegetation properties and SOC stocks in winter-

inundated and year-round dry grasslands. We ex-

pected that community-weighted mean plant traits

and F:B ratio together with abiotic soil properties

would explain SOC stocks in both grassland types.

However, our hierarchical model selection proce-

dure resulted in completely different models that

explained SOC stocks in the two grassland types.

Dry grassland SOC models contained abiotic vari-

ables and plant community composition and plant

diversity, while winter-inundated grassland SOC

Figure 6. Selected regression models for soil organic carbon stocks at three depth intervals in dry and winter-inundated

grasslands. Coefficient estimates are scaled for display purposes. Bars indicate the 95% confidence interval around the

coefficient estimate. EC = electrical conductivity, pH2 = the quadratic term for pH, Vegetation PC1 = principal component

axis 1 of plant community composition, PLFA = phospholipid fatty acids, PLFA PC1 = principal component axis 1 of

microbial community composition an F:B ratio = fungal-to-bacterial PLFA ratio.

Table 2. Selected Regression Models for Soil Carbon-to-Nitrogen (C:N) and Soil Nitrogen-to-Phosphorus
(N:P) Ratios in 0–15 cm in Dry and Winter-Inundated Grassland

C:N ratio dry 0–

15 cm

C:N ratio inundated 0–

15 cm

N:P ratio dry 0–

15 cm

N:P ratio inundated 0–

15 cm

Soil disturbance 1.6*** (0.21)

pH - 0.67*** (0.19)

Aboveground bio-

mass

- 0.0019** (0.00066) 0.0043** (0.0014)

Vegetation PC1 0.15** (0.044)

PLFA PC1 0.12*** (0.024) - 0.13* (0.051)

R2 0.14 0.67 0.66 0.48

***p < 0.001; **p < 0.01; *p < 0.05.
Absolute coefficient values are displayed with the standard error in brackets. EC = electrical conductivity, vegetation PC1 = principal component axis 1 of plant community
composition, PLFA = phospholipid fatty acids and PLFA PC1 = principal component axis 1 of microbial community composition.
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models only contained soil microbial community

composition and F:B ratio, but none of these

models included plant traits. This suggests that

seasonal inundation is an important driver of plant

and microbial community composition and of the

relationship between these communities and SOC

stocks, but that – in contrast to our hypothesis –

this relationship is not mediated by plant leaf traits.

Moreover, our models did not reflect our hypoth-

esis that fast-growing plant communities are asso-

ciated with bacterial-dominated soil microbial

communities and lower SOC stocks (Figure 7).

Differences Between Winter-Inundated
and Dry Grassland

Winter inundation led to a clear difference in plant

and microbial community composition compared

to dry grassland, confirming that flooding is an

important driver of plant and microbial communi-

ties (Toogood and Joyce 2009; Moche and others

2015; Wang and others 2019). However, while

distinctly different, the differences in plant com-

munities were in contrast with our hypothesis that

plant communities in winter-inundated grasslands

are dominated by fast-growing species and associ-

ated bacterial-dominated microbial communities

due to the repeated disturbance through flooding.

We found that plant communities in dry grasslands

had a higher community-weighted mean leaf N

content and SLA, indicating that these communi-

ties are more dominated by fast-growing species

than those in the inundated grasslands. Winter

inundation might influence community-weighted

mean SLA and leaf N negatively via changes in

nutrient availability. In our study area, both plant

available N and P were lower in winter-inundated

grasslands, compared to dry grassland (Table S4).

This aligns with reports that repeated flooding and

desiccation can decrease PO4
3- availability (Lu-

cassen and others 2005) and that inundation can

reduce N availability by N losses through denitri-

fication and leaching (Baldwin and Mitchell 2000;

Unger and others 2009b). In turn, lower availabil-

ity of inorganic N and P pools are linked to lower

leaf N and SLA (Orwin and others (2010). Another

possible explanation for the higher SLA and leaf N

in dry grassland may be a difference in grazing

intensity between dry and wet grassland. Herbivory

promotes the abundance of fast-growing plant

species in nutrient-rich ecosystems (Bardgett &

Wardle, 2003, 2010). Inundation reduces the

accessibility for herbivores, potentially leading to

lower grazing intensities and thus reduced abun-

dance of fast-growing species.

Surprisingly, the third trait we considered, com-

munity-weighted mean LDMC showed the same

pattern as SLA and leaf N and was higher in dry

than in winter-inundated grasslands. This was

unexpected because high SLA and leaf N are asso-

ciated with fast-growth strategies and are generally

negatively correlated with high LDMC, which is

associated with slow growth (e.g. Garnier and

others 2004; Lavorel and others 2011; Orwin and

others 2010; Wright and others 2004), although a

study on traits of wet grassland species did not find

a correlation between LDMC and SLA or leaf N

(Tasset and others 2019). In our case, the observed

positive correlation between LDMC and SLA

within dry grassland is likely due to the dominance

of Agrostis stolonifera in many dry grassland plots. A.

stolonifera has high values for LDMC, SLA and leaf

N relative to the range of values for the plants in

this study (Table S1), which increases the com-

Figure 7. Graphical representation of the main results of our analysis. Dry and winter-inundated grassland differ in plant

and microbial communities, but not in 0–15 cm soil organic carbon (SOC) stocks. In addition, the variables best explaining

0–15 cm SOC stocks are different between grassland types.
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munity-weighted mean trait values in the dry

grassland plots.

Our results concerning microbial communities

were again in contrast to our expectation, as we

found that the F:B ratio was lower in dry than in

winter-inundated grasslands. This observation is in

line with multiple studies showing that plant

communities dominated by fast-growing species

generally are linked to bacterial-dominated soil

microbial communities (Orwin and others 2010; de

Vries and others 2012). However, both within dry

and winter-inundated grassland, we found no sig-

nificant correlations between leaf traits and F:B

ratio (Figure S1), indicating that these differences

in microbial communities are not driven by the

traits of the plant community. We found that the

higher F:B ratio in winter-inundated grassland was

caused by an increase in fungal PLFA, while bac-

terial PLFA was similar between the grassland

types. This was unexpected, because studies from

sites experiencing repetitive seasonal flooding re-

port lower fungal abundance, and attribute this to

the lesser ability of fungi to deal with stress caused

by alternating oxic and anoxic conditions caused by

a fluctuating water table (Moche and others 2015;

Wang and others 2019). Field experiments and

observational studies found conflicting effects of

one-time flooding on microbial communities.

Flooding either increased F:B ratios but did not

change fungal PLFA (Unger and others 2009a),

increased both F:B ratios and fungal PLFA (Bossio

and Scow 1998) or had no effect on F:B ratios and

increased fungal PLFA (Ou and others 2019). Our

results here suggest that winter inundation in-

creases the F:B ratio by increasing fungal PLFA

most likely via changes to the abiotic environment,

but we cannot elucidate the exact mechanism

through which this occurs.

Despite the differences in plant community

composition, microbial community composition,

plant traits and F:B ratio between dry and winter-

inundated grassland, we found no differences be-

tween 0 - 15 cm SOC stocks, C:N ratio or N:P ratio.

We did, however, observe lower SOC stocks in

winter-inundated grasslands between 15 - 30 - 30–

100 cm and found that this difference in SOC in-

creased with soil depth (Figure 5, Table S4). This is

in contrast to several studies that observed higher

SOC stocks in temporally flooded soils up to a depth

of 1 m, compared to non-flooded soils or soils with

a much lower flooding frequency (Bai and others

2020; Pearse and others 2018; Ran and others

2025; Shen and others 2022), and most authors

attribute these higher SOC stocks to decreased

decomposition under anaerobic conditions. A

potential explanation for the patterns of SOC ob-

served in this study is that SOC formation can be a

slow process (Lavallee and others 2020) and that

the 60 years since land reclamation in the Oost-

vaardersplassen might have been too short for

plant and microbial communities to have a

detectable effect on SOC. The observed differences

in SOC may result from the initial characteristics of

the marine clay and lacustrine sediments in these

young soils. Surveys from the Oostvaardersplassen

report differences in C content between different

sediment layers and also show subtle differences

between the depth of these layers (Lenselink and

others 1998).

An alternative explanation for the lower SOC

stocks in deeper soil layers in the winter-inundated

grassland may be that inundation constrained

rooting depth (Douma and others 2012). Rooting

depth is an important control of SOC stocks in the

subsoil (Poirier and others 2018). Root litter is an

important input to SOC stocks in grasslands (Bai &

Cotrufo, 2022), and we found that root biomass in

the 0–30 cm layer was lower in winter-inundated

grassland than in dry grassland (Table S4). On the

other hand, the biotic control of SOC is expected to

decrease with increasing depth (Mulder and others

2015), while we observed higher SOC stocks in 30–

100 cm in dry grasslands than in the 15–30 cm

interval (Figure 5). In addition, root biomass inputs

have been reported to mainly affect SOC stocks in

the top 5 cm of the soil (Steinbeiss and others

2008). It could therefore also be that SOC stocks

were initially lower in all soil layers in winter-in-

undated grassland, but that flooding only increased

SOC formation in the upper 15 cm. However, in

this observational study, we are not able to eluci-

date the exact mechanisms, and additional analy-

ses, such as analysis of plant derived biomarkers or

analysis of different SOC fractions, may give more

insight into the origin of the SOC. Regardless of

these mechanisms, our data do suggest that winter

inundation does not lead to a reduction in shallow

SOC stocks after several decades, which implies

that winter inundation can be used for managing

wetland habitat without negative consequences for

these SOC stocks on such time scales.

Relationships Between Soil
and Vegetation Properties and SOC
Stocks are Influenced by Winter
Inundation

We found that the models explaining SOC stocks

were completely different for dry and winter-in-

undated grasslands. SOC stocks in the top soil layer
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(0–15 cm) within dry grassland were explained

only by abiotic soil properties and the diversity and

composition of the plant community, while SOC

stocks in winter-inundated grassland were only

explained by the F:B ratio and the composition of

the microbial community. This is not in line with

our expectation that within both dry and winter-

inundated grasslands, in addition to abiotic soil

properties, plant traits and F:B ratios would be

important predictors of SOC stocks.

In dry grasslands, pH was the strongest predictor

of SOC stocks, with the lowest SOC stocks around

pH 8. A similar quadratic relation between pH and

SOC was observed by Manning and others (2015),

though they report the lowest SOC stocks at pH 6.

There was also a positive effect of soil disturbance

on SOC stocks. In our study area, soil disturbance

refers to the deposition of a 40 cm to 1 m-thick

layer of sediment left over from digging ditches

during land reclamation in the 1960s on top of the

original soil profile. Since this sediment was a mix

of sand, peat and clay, the higher SOC in this area

may be explained by a combination of abiotic

properties of these sediments such as texture,

structure and a higher initial SOC content. In

addition to pH, PC axis 1 scores of the PCA of plant

community composition, as well as Shannon

diversity of plant communities, were both posi-

tively associated with SOC stocks in dry grasslands.

Higher SOC storage under higher diversity grass-

lands aligns with results from biodiversity field

experiments (Fornara and Tilman 2008; Steinbeiss

and others 2008; Yang and others 2019) and

observational research (Anacker and others 2021).

High plant community PC axis 1 scores were

associated with ruderal species such as Sisymbrium

officinale, Jacobaea vulgaris, Agrostis stolonifera and

Carduus crispus. These species were most abundant

in the areas with soil disturbance, which suggests

that soil disturbance has a direct effect on SOC

stocks via the soil’s abiotic properties and an indi-

rect effect via plant community composition. In

addition, the C:N ratio of the SOC in dry grassland

was also positively associated with plant commu-

nity PC axis 1. This likely reflects the higher C:N

ratio of these ruderal species compared to several

N-rich Trifolium species associated with negative PC

axis 1 values.

In winter-inundated grasslands, we found that

F:B ratio and microbial community composition

alone accounted for 57.7% of variation in SOC

stocks from 0 to 15 cm. The negative relationship

between F:B ratio and SOC stocks is in contrast to

our expectation and the general idea that fungal-

dominated soils have higher SOC stocks (Bai &

Cotrufo, 2022; De Deyn and others 2008; Malik

and others 2016). SOC stocks were also negatively

associated with PLFA PC axis 1, which was associ-

ated with a shift from gram-negative to gram-pos-

itive bacteria. Thus, higher SOC stocks were

associated with more gram-negative-dominated

microbial communities. Gram-positive bacteria are

associated with the degradation of more complex

SOC compounds, while gram-negative bacteria

have a higher affinity for simpler C compounds

(Kramer and Gleixner 2008; Fanin and others

2019). This suggests that higher SOC stocks within

our winter-inundated grasslands are associated

with inputs of simpler C compounds, which aligns

with the theory that simple C compounds can in-

crease SOC stocks by binding to mineral surfaces

(Cotrufo and others 2013; Lavallee and others

2018; Ridgeway and others 2022). The C:N and N:P

ratios of the SOC stocks in winter-inundated

grassland were both explained by aboveground

vegetation and PLFA PC axis 1, but the coefficients

had opposite directions (Table 2). This suggests that

these models mainly explain soil N stocks, with a

positive relationship between aboveground bio-

mass and soil N, and a negative association with

PLFA PC axis 1, meaning that higher soil N stocks

were associated with more gram-negative-domi-

nated microbial communities. This aligns again

with the preference of gram-negative bacteria for

simpler C compounds that are usually also more N

rich (Fanin and others 2019).

As expected, we found that models explaining

SOC stocks at larger depths had increasingly less

variation explained by the selected predictors in

both dry and winter-inundated grassland. This was

especially true for the 30–100 cm models, where

our models contained no biotic predictors anymore,

which is in line with the decreased biotic control

over SOC at increasing depth reported by Mulder

and others (2015) In winter-inundated grassland,

we found that 30.8% of variation in 30–100 cm

SOC stocks was explained by the EC of the soil. This

positive relationship between SOC stocks and EC

may be explained by an increased capacity of the

soil to bind ions with high EC (Corwin and Lesch

2005).

Surprisingly, CWM plant traits SLA and leaf N

were not retained in any of our models. Previous

work found a relationship between plant traits and

the active (SOC in soil fraction 250–4000 lm) as

well as the stable (SOC in soil fraction 0.45–50 lm)

SOC fractions (Manning and others 2015), but –

similar to our findings here–not with total SOC

stocks (Manning and others 2015; Ward and others

2016). This suggests that plant traits affect the for-
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mation and loss of different SOC fractions differ-

ently (Huys and others 2022; Sokol and others

2022) and may explain the absence of a link with

total SOC stocks. Another reason for the lack of a

detectable association between plant traits and SOC

stocks may be the relatively small spatial scale (1–

10 km) of our sampling area. Delgado-Baquerizo

and others (2018) found associations between

microbial community diversity and leaf N, SLA and

LDMC at the regional scale in England and Aus-

tralia but mention that several finer scaled studies

failed to detect this relationship, probably because

of the lower variation in both microbial commu-

nities and plant traits. Another possible explanation

for the lack of predictive power of aboveground

plant traits for SOC stocks is that the input of

aboveground litter is limited in this grazed grass-

land system and that consequently root systems

and their traits may exert more control on SOC.

Root biomass inputs are an important control on

SOC stocks (Orwin and others 2010), especially in

grazed systems (Su and Xu 2021). However, we

found no effect of root biomass on SOC stocks here

in dry nor winter-inundated grasslands, suggesting

that differences in root inputs had limited control

over SOC stocks in our study system. Last, we used

plant trait values from the TRY database, which

may deviate from the actual traits of the plants in

our study area. This may have weakened the link

between our community-weighted mean plant

traits and SOC stocks.

We expected to find similar models explaining

SOC stocks within dry and winter-inundated

grassland, but to our surprise we found no overlap

between the selected predictors for the SOC models

for the two grassland types. Dry grassland SOC

stocks were explained by soil disturbance, pH, plant

diversity and community composition, but none of

these variables explained winter-inundated SOC

stocks. The higher range of pH values in dry

grassland (5.5–8.3) could explain why pH was a

predictor for SOC in dry grassland, but not in

winter-inundated grassland (pH 7.2–8.1), while pH

was found to be an important predictor of SOC

stocks at a larger study scale (Manning and others

2015). The absence of any vegetation predictors in

the winter-inundated grassland SOC models might

be caused by high temporal variability of the plant

community driven by annual fluctuations in

flooding duration and intensity (Toogood and

others 2008; Toogood and Joyce 2009). Since SOC

formation is a slow process, the currently observed

plant community in winter-inundated grassland

likely had a weaker influence on current SOC

stocks than the more stable plant community in dry

grasslands. This is also supported by the lesser ex-

tent to which vegetation variables are explained by

spatial predictors (dbMEMs) within the winter-in-

undated grassland, compared to the dry grassland

(Table S4; Table S5), which suggests that plant

communities are less spatially organised and more

influenced by changes in water level regime.

Winter-inundated grassland SOC stocks were ex-

plained by microbial community composition and

F:B ratio, but no microbial variable was included in

the dry grassland SOC stock models. In dry grass-

land, the combined effect of soil disturbance, pH

and vegetation community may have overruled the

effect of the microbial community. The lack of an

association between SOC stocks and abiotic or

vegetation variables in winter-inundated grassland,

may have caused the effect of the microbial com-

munity on SOC stocks to be more pronounced and

better detectable. This is confirmed by running the

model selection for dry grassland 0–15 cm SOC

stocks with only the microbial variables, which

resulted in F:B ratio and PLFA PC axis 1 as signif-

icant predictors.

CONCLUSION

By comparing a dry and a winter-inundated

grassland, we show that winter inundation leads to

lower community-weighted SLA, leaf N, LDCM

and a higher F:B ratio. In addition, we found clear

differences between winter-inundated and dry

grassland plant and microbial community compo-

sition, but not between shallow SOC stocks or C:N

and N:P ratios. Winter inundation also changed the

relationships between soil and vegetation proper-

ties and SOC stocks. While in dry grassland abiotic

soil properties and plant communities were

important for SOC stocks, this was not the case in

winter-inundated grassland (Figure 7). This is

likely because winter inundation causes high

interannual variability in plant community com-

position, limiting the control of the plant commu-

nity on SOC stocks, and because of the limited

variability of abiotic soil variables in the winter-

inundated area. In contrast to earlier studies, we

found no evidence that SOC stocks are associated

with leaf traits related to fast- or slow-growing

plant communities in both dry and winter-inun-

dated grasslands, indicating that this relationship

may be specific to different SOC fractions. These

results show that water level dynamics are an

important driver for plant and soil microbial com-

munities and their relation to SOC stocks, but that

these changes are not linked to absolute changes in

SOC stocks on this spatial and temporal scale. This
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illustrates that water level management can be a

suitable management strategy for creating diverse

habitats in nutrient-rich, temperate wetland–

grassland systems, with limited influence on SOC

stocks.
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