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Abstract 

Both deterministic (e.g. species–environment interactions) and stochastic processes (e.g. random birth and death events) shape com- 
munities, but it remains poorly understood, which environmental conditions promote stochasticity. Here, we investigated interactive 
effects of nutrient availability and community size on stochasticity in order to predict how eutrophication and biomass loss shift the 
balance between predictable and random community dynamics. For this, we used freshwater bacterial communities in a microcosm 

experiment, where communities were diluted to varying sizes and exposed to low, intermediate, and high nutrient concentrations. 
Stochasticity was estimated with null modelling and as beta-diversity among replicate communities. At low nutrient concentrations, 
deterministic processes dominated, especially in smaller communities, which had the lowest diversity and abundance. Whereas, 
higher nutrient concentrations increased stochasticity. In contrast to theoretical predictions, this was particularly the case in larger 
communities with the highest diversity and abundance, likely due to stochastic initial growth. The findings underline how nutrient 
availability and community size jointly influence stochastic assembly processes, with important consequences for bacterial diversity 
and ecosystem functioning under environmental change. 
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Introduction 

The four main assembly processes that determine spatial 
and temporal differences in community composition, i.e. beta- 
diversity, are selection, drift, dispersal, and diversification (Vellend 

2016 ). These processes can have deterministic as well as stochas- 
tic components. Selection is a purely deterministic process, in 

which organisms in a community are selected by fitness differ- 
ences due to, e.g., abiotic factors (Nemergut et al. 2013 ). Dispersal 
and diversification, on the other hand, can be comprised of both 

stochastic and deterministic components (Zhou and Ning 2017 ).
On the contrary, drift, i.e., the probability of a species in a commu- 
nity to go extinct before reproducing due to randomly occurring 
birth and death events, is purely stochastic (Vellend 2016 ). More- 
over, priority effects, i.e., the arrival sequence of species shaping 
the assembly of a community, is also viewed as a stochastic pro- 
cess (Fukami 2015 ). 

Community assembly processes in microorganisms have been 

the subject of debate for decades, and so far, studies have mainly 
focused on deterministic processes (Zhou and Ning 2017 ). Thus,
stochastic processes, like drift, have received less attention, even 

though it has been shown that they can contribute largely to as- 
sembly in, for example, aquatic microbial communities (Liu et 
al. 2019 , Zhao et al. 2023 ). Studies have shown that the impor- 
tance of stochasticity in community assembly can increase over 
time, leading to enhanced dissimilarity among initially identical 
communities (Zhou et al. 2013 , Vellend et al. 2014 ). Moreover, it is 
known that communities with low alpha-diversity are more likely 
Received 25 August 2025; revised 21 October 2025; accepted 22 October 2025
© The Author(s) 2025. Published by Oxford University Press on behalf of FEMS. This
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), whic
medium, provided the original work is properly cited.
o be stochastically assembled (Chase and Myers 2011 , Vieira et
l. 2022 ), and that stochasticity is enhanced under dispersal lim-
tation when environmental conditions are similar among habi- 
ats (Evans et al. 2017 , Albright et al. 2019 ). Although quantifying
tochasticity presents significant challenges, a variety of method- 
logical approaches have been developed to do so. For instance,
tochasticity can be measured as beta-diversity among replicate 
ommunities (Vellend et al. 2014 ), or by using null model ap-
roaches that determine the relative importance of determinis- 
ic versus stochastic processes (Chase and Myers 2011 , Zhou and
ing 2017 , Ning et al. 2019 ). 
Studying stochasticity becomes particularly important when 

cological systems experience disturbances. Environmental dis- 
urbances can reduce habitat size or community biomass, lead- 
ng to declines in species richness and abundance, and ultimately
ncreasing the community’s vulnerability to stochastic processes 
Chase 2010 ), especially in enclosed systems experiencing disper- 
al limitation (Zhou et al. 2014 ). As community size decreases
ith such disturbances, each individual cell has proportionally a 

arger impact on the community compared to larger, undisturbed 

ommunities and therefore, random birth and extinction events 
an shift community composition and overrule selection pressure 
Orrock and Fletcher 2005 , Orrock and Watling 2010 , Hubbell
011 , Nemergut et al. 2013 , Siqueira et al. 2020 ). As many mi-
robial taxa in a community can be low in abundance, they are
specially prone to stochastic changes in community assembly 
Nemergut et al. 2013 , Liu et al. 2021 ). Moreover, it has been shown
is an Open Access article distributed under the terms of the Creative
h permits unrestricted reuse, distribution, and reproduction in any
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hat enhanced nutrient availability can promote stochastic com-
unity assembly (Zhou et al. 2014 , Ren et al. 2017 , Cao et al. 2021 ).

his effect is thought to arise because increased availability of
esources reduces competition, which weakens selection and en-
ances growth among species, which can promote random pop-
lation dynamics and priority effects (Chase and Leibold 2002 ,
hase 2010 , Zhou et al. 2014 ). 

Only a few studies have so far investigated interactive effects of
ifferent, simultaneously occurring factors on community assem-
ly processes (Houseman et al. 2008 ). For example, it is not fully
nderstood how a reduction of community size, e.g., due to a dis-
urbance, and an increase in nutrient availability combined affect
ommunity assembly in bacteria (Zhou and Ning 2017 ), in partic-
lar in aquatic ecosystems. Therefore, this study aims to experi-
entally investigate combined effects of variations in community

ize and different nutrient concentrations on stochasticity in nat-
ral freshwater bacterial communities. Here, ecological stochas-
icity is measured as beta-diversity among replicate communities
nd tested with null modelling. We hypothesized that, (i) commu-
ities become more dissimilar over time, (ii) small communities
how lower richness and are to a greater extent stochastically
ssembled, (iii) stochasticity is more important at high nutrient
oncentrations, because higher bacterial production and growth
timulate random population dynamics, and (iv) there are interac-
ive effects between community size and nutrient concentrations,
nd stochasticity is strongest when small communities encounter
igh nutrient concentrations, and weakest in large communities
t low nutrient concentrations. 

ethods 

xperimental design 

n order to test the hypotheses of this study, a microcosm lab-
ratory experiment with a natural freshwater bacterial commu-
ity was conducted over 13 days. Borosilicate glass bottles (1 L)
ere filled with 500 mL of a mixture of sterile medium and bac-

erial inoculum. Six treatments were set up, including two com-
unity sizes (small, and large), i.e., the ratio of bacterial inocu-

um to experimental medium, and three different nutrient lev-
ls (low, intermediate, and high), each replicated six times (Fig. 1 ).
ll microcosms, were kept at 20◦C for the duration of the exper-

ment, including nine contamination controls, which contained
nly sterile medium ( n = 45). Samples for bacterial abundance
ere taken every second day, and samples for biomass produc-

ion and community composition were taken at five time points
hroughout the experiment (days 1, 4, 7, 10, and 13) from each mi-
rocosm. Differences in community size were established by vary-
ng the number of individuals in a community (i.e., the number of
ells inoculated at the start of the experiment). Stochasticity was
easured as the variation in community composition between

nitially equivalent communities developing under identical en-
ironmental conditions and dispersal limitation. This was anal-
sed as beta-diversity among replicate communities and tested
ith null modelling. Bacterial production was estimated in two
ays: firstly, as biomass production using leucine incorporation,
nd, secondly, by changes in bacterial abundance over time. 

reparation of the experimental medium 

or the experimental medium and bacterial inoculum, a total of
0 L of water were taken from oligotrophic (10 μg/L total phos-
horus = TP, 800 μg/L total nitrogen = TN, and 17.6 mg/L total
rganic carbon = TOC) lake Siggeforasjön, Sweden (59◦ 58′ 42.1′′ 
 17◦ 09′ 26.7′′ E) on 8 October, 2021. For sterilization, water was
ltered, with a tangential flow filtration unit with a pore size of
.1 μm (Cytiva Europe GmbH), and autoclaved at 121◦C for 20 min.
he pH of the autoclaved medium was adjusted with HCl (0.1 M)
o match original lake conditions (pH 6.6). In order to acquire a
utrient gradient, the medium was split into three batches: Low
utrient concentrations ( ∼5 μg/L TP, 480 μg/L TN, and 20 mg/L,
OC), intermediate concentrations ( ∼15 μg/L TP, 480 μg/L TN, and
0 mg/L TOC) and high concentrations ( ∼25 μg/L TP, 700 μg/L TN,
nd 20 mg/L TOC). Compared to the original lake conditions, bac-
erial communities experienced a decrease in TP in the low nutri-
nt treatment and an increase in TP in intermediate and high nu-
rient treatments. These nutrient concentrations were measured
n the experimental medium, and concentrations in the actual mi-
rocosms were calculated, which is why approximate concentra-
ions are given here. The nutrient concentrations chosen in this
tudy align with natural phosphorus concentrations in Swedish
nd European lakes (Huser and Fölster 2013 , European Environ-
ent Agency 2024 ). Na2 HPO4 was added to the intermediate and

igh nutrient media to increase TP levels, whereas no nutrients
ere added to the low nutrient treatments. Moreover, NH4 Cl was
dded to the high nutrient medium to prevent nitrogen deple-
ion in the microcosms according to the Redfield ratio 106C:16N:1P
Redfield 1958 ). Carbon adjustments were not necessary to match
edfield ratio. 

reparation of the bacterial inoculum 

or the preparation of the bacterial inoculum, lake water was fil-
ered through Whatmann GF/F filters (0.7 μm) to remove grazers.
rior to the start of the experiment, the bacterial inoculum was
regrown at 20◦C in the dark for 10 days until reaching stationary
rowth ( Fig. S1 ). At the start of the experiment on 19 October 2021
day 0), microcosms were set up with 2% (10 mL) or 20% (100 mL) of
acterial inoculum for the small (with an initial community size
f around 40 million cells) and large community sizes (with an ini-
ial community size of around 400 million cells), respectively. The
emaining volume (490 mL for small and 400 mL for large com-
unity sizes) was filled with either low, intermediate, or high nu-

rient medium, with nutrient concentrations modified to account
or the different community size volumes. Additionally, nine con-
rol microcosms, containing 500 mL of medium (three replicates
or each nutrient concentration), were included to account for po-
ential contaminations throughout the experimental procedures,
nd were handled in an identical manner to the remaining ex-
erimental units. There was no bacterial growth detected in the
ontamination controls. 

acterial abundance and biomass production 

ll microcosms were homogenized by mixing prior to sampling
nd handled under sterile conditions in a laminar flow bench.
very second day, 950 μL of each microcosm were sampled for
acterial abundance, fixed with formaldehyde solution (1.85%
ormaldehyde in the sample) and stored at 4◦C overnight. The fol-
owing day, samples were stained with 1.25 μM fluorescent nucleic
cid stain SYTO13 (Invitrogen) and cell abundance was measured
sing the CytoFLEX flow cytometer (Beckman Coulter) (Giorgio et
l. 1996 ). If necessary, bacterial abundance samples were diluted
ith phosphate-buffered saline (0.01 M). Bacterial biomass pro-
uction (see Supplementary Methods S2 for detailed description)
as measured by leucine (3 H) incorporation into bacterial protein

Kirchman et al. 1985 , Smith and Azam 1992 ). Briefly, samples were
aken at five time points throughout the experiment (days 1, 4,

https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
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Figure 1. (a) Experimental set-up based on a 2 × 3 factorial design with two community sizes (small, and large) and three nutrient concentrations (low, 
intermediate, and high). Each treatment had six replicate microcosms. Small community size microcosms contained 10 mL and large community sizes 
100 mL of bacterial inoculum and 490 mL and 400 mL of sterile lake water medium, respectively. Low nutrient concentrations encompassed 5 μg/L, 
intermediate 15 μg/L, and high 25 μg/L of total phosphorus (TP). (b) Conceptual figure of the expected results for community dissimilarity in the 
different treatments, for details see text. . 
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7, 10, and 13) and incubated with leucine (L-[3, 4, 5 -3H], Perkin 

Elmer). After incubations, samples were measured in disintegra- 
tions per minute with a liquid scintillation counter (Hidex 600 SL,
counting time: 300 sec, coincidence time: 35 ns) and converted 

into biomass production rates (Kemp et al. 2018 ). 

Bacterial community composition 

To determine bacterial community composition, a volume of 
100 mL was sampled per microcosm at five sampling points (days 
1, 4, 7, 10, and 13), filtered onto a 0.2 μm Supor membrane fil- 
ter (Pall) and stored at −80◦C until further processing. To com- 
pensate for loss of volume and nutrient exchange, each micro- 
cosm received 100 mL of the respective sterile medium at these 
five samplings. Replicate 1 of the intermediate nutrient treatment 
and the small community size on day 13 was lost during sam- 
pling. For further analysis of bacterial community composition, 
DNA was extracted from the Supor membrane filters with the 
DNeasy PowerSoil Pro Kit (Qiagen) and polymerase chain reac- 
tions (PCRs) for amplicon library preparation were run in a two- 
step protocol based on Vass et al. ( 2021 ). Detailed description 

of the library preparation can be found in the Supplementary 
Methods ( Supplementary Methods S1 ). In brief, the first PCR was 
run in triplicates with custom bacteria forward primer 341F (5′ - 
CCTACGGGNGGCWGCAG-3′ ) (Herlemann et al. 2011 ) and reverse 
primer 805R (5′ -GACTACNVGGGTATCTAATCC-3′ ) (Apprill et al. 
2015 ). The second PCR was run without replicates, and individual 
Illumina adapter combinations were attached to the amplicons. 
Pooled samples, were sequenced at SciLifeLab SNP&SEQ Technol- 
ogy Platform (Uppsala University), using the Illumina MiSeq v3 se- 
quencing protocol. The 16S rRNA sequences were demultiplexed 

and sequence-pair assembled at SciLifeLab, Uppsala. Primer re- 
moval, quality filtering (maximum error = 2), and trimming (qual- 
ty score = 20), were carried out with cutadapt, version 4.8. Sam-
le inference, merging of denoised reads and removal of chimeric
equences was done with dada2 (version 1.30.0) in R (version
.3.1). Amplicon sequencing variants (ASVs) were taxonomically 
ssigned against the SILVA database (version 138.1; Quast et al.
013 ). This resulted in 608 ASVs in 178 samples in total, with an
verage sequencing depth of 37 998 reads. Analysis was done on
esources provided by the Uppsala Multidisciplinary Center for 
dvanced Computational Science (UPPMAX). 

tatistical analyses 

ne sample (replicate 2 of the high nutrient and large commu-
ity size treatment on day 4) had to be excluded from data analy-
is, because it had insufficient sequencing depth ( < 10 000 reads).
ll statistical analyses were carried out in R (version 4.4.2). For
SV richness and Pielou evenness, ASV abundances were normal- 

zed by rarefaction to the minimal sequencing depth of 11 707
eads per sample ( Fig. S2 ), using rrarefy in package vegan (ver-
ion 2.6–8; Oksanen et al. 2017 , Gloor et al. 2017 ). Pielou even-
ess was estimated as Shannon diversity divided by the natural

ogarithm of ASV richness using the package vegan (Pielou 1966 ).
e evaluated how nutrient concentration and community size in- 

uenced bacterial abundance, biomass production, ASV richness,
nd Pielou evenness using linear mixed-effects models. The mod- 
ls included a random intercept for Replicate ID and accounted
or within-replicate temporal autocorrelation across experimen- 
al days using a first-order autoregressive structure (corAR1) with 

ay in the experiment as the time index. Experimental day was
sed only to specify the correlation structure and was not in-
luded as a fixed effect. Models were fit with lme from the pack-
ge nlme (version 3.1–166), tests of fixed effects used type II Wald
2 tests using Anova in the car package (version 3.1–3). We also

https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
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Figure 2. (a) Bacterial abundance and (b) bacterial biomass production 
during the experiment in treatments with different nutrient 
concentrations (low, intermediate, and high) and community sizes 
(small, and large). Points represent mean values and error bars standard 
errors. 
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ested the effects of nutrient concentration, community size, and
ime point (treated as a categorical factor) on pairwise Aitchison
istances and Bray–Curtis-based NST using linear mixed-effects
odels. The model included Replicate ID as a random intercept

nd accounted for temporal autocorrelation within replicates us-
ng a first-order autoregressive correlation structure (corAR1). The

odel was fit using lme and fixed effects assessed using type II
ald chi-square tests implemented in the Anova function. Nor-
ality of residuals was checked in all models by plotting Q–Q

lots. As amplicon data is compositional and constrained by se-
uencing depth, ratios between taxa are more reliable than ab-
olute abundances (Gloor et al. 2017 ). Therefore, Aitchison dis-
ances, compared to other dissimilarity metrics, due to working
n log-ratio space, provides more robust ecological interpretations
f proportional change in community composition (Aitchison et
l. 2000 ). In order to test community composition differences be-
ween replicates within each treatment, pairwise Aitchison dis-
ances were calculated as the Euclidean distance of clr trans-
ormed data using transform in the package microbiome and veg-
ist from package vegan. To visualize treatment effects on com-
unity data in an ordination, we performed principal coordinate

nalyses (PCoA) on overall Aitchison distances for each experi-
ental day 1, 4, 7, 10, and 13 separately, using pcoa in package ape

version 5.8; Paradis and Schliep 2019 ). Permutational multivari-
te analysis of variance (PERMANOVA) was conducted separately
or each time point with adonis2 in package vegan with 999 per-

utations. To test the relative importance of stochastic and deter-
inistic processes in community assembly, normalized stochas-

icity ratios (NST) were computed with tNST using Bray–Curtis
imilarity and a proportional-fixed null model with the pack-
ge NST (version 3.1.10; Ning et al. 2019 ). Randomizations were
erformed within each treatment and time point, so that null
xpectations were generated independently for each treatment
nd time point, and each analysis included 999 randomizations
rand = 999). NST quantifies the relative importance of determin-
stic compared to stochastic processes, where values of 0 and 1
epresent purely deterministic and purely stochastic assembled
ommunities, respectively. Hence, NST values above 0.5 indicate
hat stochastic processes, and values below 0.5 indicate that de-
erministic processes predominantly determine variation in com-

unity composition. Bootstrap analysis (999 runs) was performed
sing nst.boot in the package NST to retrieve values for plotting
oxplots. 

esults 

acterial abundance and biomass production 

utrient concentration ( P = .051) and community size ( P = .094)
howed statistical trends in their effects on bacterial abundance,
hereas their interaction had no detectable effect ( Table S2 ). At

he start of the experiment, bacterial abundance increased across
ll treatments (Fig. 2 a), but small communities showed notably
ower overall abundance and a delayed growth onset compared
o larger ones. While growth plateaued under low and intermedi-
te nutrient concentrations, bacterial communities in high nutri-
nt concentration continued to grow and increased in abundance
hroughout the experiment. Consequently, the highest bacterial
bundance was observed in large communities with high nutri-
nts, whereas small communities under low nutrient concen-
rations maintained the lowest cell numbers. Similarly, bacterial
iomass production was significantly shaped by nutrient concen-
ration and community size, but not by their interaction ( Table S2 ).
nitially, large communities exhibited greater biomass production
han small ones, and most treatments peaked in biomass produc-
ion in middle of the experiment before declining (Fig. 2 b). Com-

unities exposed to intermediate nutrient concentrations show
he highest biomass production rates, while low nutrient concen-
rations consistently had the lowest production rates. 

lpha diversity 

he highest number of unique ASVs ( n = 79) was found in large
ommunities under high nutrient concentrations, whereas the
owest ( n = 38) occurred in small communities at intermediate
utrient concentrations ( Fig. S5 ). Shared ASVs followed a differ-
nt pattern, with the greatest overlap ( n = 36) found in large com-
unities at intermediate and the least ( n = 25) in large com-
unities at high nutrient concentrations. Alpha-diversity, both

ichness and evenness, was significantly influenced by nutrient
oncentration and community size, but only evenness was also
ignificantly influenced by their interaction ( Table S2 ). Richness
eclined in all treatments early in the experiment, reaching a
inimum around day 4, before gradually increasing again to-
ard the end (Fig. 3 ). The lowest richness values occurred in low
utrient treatments, particularly in small communities. In con-
rast, the highest richness was observed in large communities
xposed to high nutrient concentrations. Contrary, evenness in-
reased across all treatments at the start of the experiment, peak-
ng around day 4 in low and intermediate nutrient concentrations.
fter this peak, evenness declined in these treatments, while con-

inuing to rise in high nutrient concentrations until the end of the
xperiment. 

https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
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Figure 3. (a) ASV richness and (b) Pielou evenness on days 1, 4, 7, 10, and 
13 of the experiment in treatments with different nutrient 
concentrations (low, intermediate, and high) and community sizes (small 
and large). Data is based on rarefied 16S rRNA gene amplicon sequences. 
Points represent mean values and error bars show standard errors. 
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Changes in bacterial community composition 

PCoA showed that from day 7 onward, community composition 

was clustered by both nutrient concentration and community size 
(Fig. 4 ), showing treatment-driven divergence over time, which 

was also supported by PERMANOVA results on overall Aitchison 

distances separately for each time point ( Table S1 ). Differences in 

community composition were also evident at the genus level on 

the final day of the experiment ( Fig. S4 ). In small communities, all 
replicates were consistently dominated by the same three genera,
Rhodoferax , Duganella , and Pseudomonas , which together accounted 

for 50% or more of the relative abundance. In contrast, large com- 
munities exhibited more variation in dominant taxa across repli- 
cates. While the low nutrient concentration with large commu- 
nities had a consistent top-three composition ( Duganella , Limno- 
habitans , and Rhodoferax ), replicates under intermediate and high 

nutrient concentrations showed divergent dominant genera. 

Aitchison distance and NST 

Beta-diversity, measured as pairwise Aitchison distances among 
replicates within treatments, was significantly affected by nu- 
trient concentration, community size, time, and all interactions 
among these factors (Table 1 ). The effect size for the interaction 

between both treatments and time ( χ2 = 71) was higher than the 
effect size of each treatment alone (Table 1 ). Over time, Aitchison 

distance increased in intermediate and high nutrient treatments, 
regardless of community size, whereas it decreased in low nutri- 
ent treatments (Fig. 5 ). By the end of the experiment, the greatest 
dissimilarity among replicates was observed in large communities 
under high nutrient concentrations, while the smallest occurred 
n small communities under low nutrient concentrations (Fig. 5 ).
t all nutrient concentrations, large communities consistently ex- 
ibited higher and progressively increasing dissimilarity among 
eplicates over time, whereas small communities showed lower 
verall dissimilarity that decreased over time. The NST responded 

ignificantly to nutrient concentration, community size, time, and 

heir interactions, with the exception of the interaction between 

utrient concentration and community size (Table 1 ). The effect
ize for the interaction between both treatments and time ( χ2 =
9) was higher than the effect size of the individual treatments
lone (Table 1 ). NST showed clear temporal patterns, as values
ere initially high in all treatments but showed an overall decline

rom day 1 to 4 (Fig. 6 ). After day 4, NST increased in almost all
reatments, specifically in large communities under intermediate 
nd high nutrient concentrations, and reached values above 0.5 
n the latter. 

iscussion 

e conducted an experimental study to examine the roles of
tochastic and deterministic processes in bacterial community 
ssembly across different nutrient concentrations and commu- 
ity sizes. We expected stochasticity to increase over time and
o be most pronounced in small communities under high nu-
rient concentrations, and weakest in large communities at low 

utrient concentrations. In agreement with our hypotheses, both 

igher dissimilarity among replicates and null modelling suggest 
tochastic processes were more important under intermediate 
nd high compared to low nutrient concentrations, as expected.
s richness, abundance, and biomass production were highest 

n these treatments as well, nutrient availability might have en-
anced stochasticity by promoting the growth of rare taxa that
ight otherwise go extinct (Chase 2010 , Huang et al. 2023 ). In con-

rast, in low nutrient treatments deterministic processes might 
ave been more important, because stronger selection pressure 
verruled the effects of stochasticity (Zhou et al. 2010 , Stegen et
l. 2012 ). This was also supported by our finding of stronger de-
erminism according to null modelling and lower alpha-diversity 
richness and evenness) in the low nutrient treatments indicating 
eterminism, as few species were selected by the resource-poor 
onditions (Chase and Leibold 2002 , Chase 2010 ). Our results also
how that larger communities were more dissimilar among repli- 
ates and showed higher levels of stochasticity according to null
odelling than smaller ones, which is contrary to our hypothesis

s well as results from previous studies, that small communities
ould be to a greater degree stochastically assembled (Bier et al.
022a , Siqueira et al. 2020 , Pelinson et al. 2022 , Jacobi and Siqueira
023 ). Moreover, opposite to what we predicted; stochasticity was
verall most important in large communities under higher nutri- 
nt concentrations. Higher nutrient availability could have weak- 
ned resource limitation and reduced competition thus, allowing 
ultiple species to coexist (Chase 2010 , Svoboda et al. 2018 ). This
ay reflect stronger stochastic variation in initial growth rates,
here larger communities, particularly under high nutrient con- 

entrations, allowed a wider range of species to grow rapidly, in-
reasing the chances that different species would dominate early 
rowth in each replicate (Hayashi et al. 2024 ). 

Community composition was shaped by both community size 
nd nutrient concentration, with treatment effects becoming in- 
reasingly pronounced over time. These findings are consistent 
ith previous studies showing that both community size (Bier et
l. 2022a , Zhou et al. 2014 , Ron et al. 2018 , Siqueira et al. 2020 ,
loan et al. 2021 ) and nutrient availability (Sadeghi et al. 2021 , Jiao

https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data


6 | FEMS Microbiology Ecology, 2025, Vol. 101, No. 12

Figure 4. PCoA showing differences in bacterial community composition (based Aitchison distances using 16S rRNA gene amplicon sequencing data) 
depending on community size (small, large) and nutrient concentrations (low, intermediate, and high) on days 1, 4, 7, 10, and 13 of the experiment. 

Table 1. Results of type II Wald chi-square tests from linear mixed-effects models assessing the effects of nutrient concentration, com- 
munity size, and time point (categorical), and their interactions, on Aitchison distance and NST (Bray–Curtis). The model includes Repli- 
cate ID as a random intercept and a first-order autoregressive correlation structure to account for temporal autocorrelation. Significant 
P -values ( < .05) are shown in bold. 

Aitchison distance NST 

Nutrient concentration χ2 20.44 24.56 
Df 2 2 

P -value < .001 < .001 
Community size χ2 46.88 24.28 

Df 1 1 
P -value < .001 < .001 

Time point χ2 14.94 98.30 
Df 4 4 

P -value .005 < .001 
Nutrient concentration:community size χ2 38.66 4.48

Df 2 2 
P -value < .001 0.106

Nutrient concentration:time point χ2 139.17 84.61 
Df 8 8 

P -value < .001 < .001 
Community size:time point χ2 68.14 3.74 

Df 4 4 
P -value < .001 0.443 

Nutrient concentration:community size:time point χ2 71.17 39.22
Df 8 8 

P -value < .001 < .001 
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t al. 2022 , Chen et al. 2023 , Huang et al. 2023 ) can impact micro-
ial community composition. This together with the finding that
ST values were in most cases below 0.5 demonstrate the over-
ll importance of deterministic assembly. Importantly, however,
ur study highlights the potential for complex interactions be-
ween community size and nutrient availability over time to influ-
nce the role of stochasticity compared to deterministic assembly
rocesses, which few experimental studies have systematically
xplored. 
It was also interesting that the two estimators of bacterial
rowth that we used in our study gave different results. While bac-
erial cell abundance increased throughout the entire experiment
n large communities under high nutrient concentrations, align-
ng with findings from previous studies (Chen et al. 2023 , Huang
t al. 2023 ), bacterial biomass production peaked at intermediate
utrient concentrations instead. One possible explanation could
e that high nutrient concentrations promoted higher cell num-
ers, but reduced per-cell metabolic activity. Under nutrient-rich
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Figure 5. Pairwise Aitchison distances between replicates over time in treatments with different nutrient concentrations (low, intermediate, and high) 
and community sizes (small, and large). Dots show pairwise Aitchison distances, lines represent linear regression with 95% confidence interval (grey 
area). 

Figure 6. Changes in the NST over time in treatments with different nutrient concentrations (low, intermediate, and high) and community sizes (small, 
and large). Ranges of NST values for boxplots were retrieved from bootstrap analysis (999 runs). NST estimates the relative importance of stochastic 
compared to deterministic processes, where values of 0 and 1 represent purely deterministic and stochastic assembled communities, respectively. 
Hence, values above 0.5 indicate a predominance of stochasticity and values below 0.5 of determinism. 
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conditions, bacterial metabolism may become less efficient, as 
cells invest proportionally more energy in maintenance respira- 
tion or overflow metabolism rather than biomass synthesis (Gior- 
gio and Cole 1998 , Sinsabaugh et al. 2016 ). Moreover, excessive nu- 
trient supply can lead to stoichiometric imbalances; when N or P 
availability exceeds cellular demands, bacteria may take up and 

store excess nutrients (‘luxury uptake’) without proportionally 
increasing carbon incorporation (Sterner and Elser 2002 , Geyer 
and Barrett 2019 ). Consequently, overall production per cell can 

decline even as total cell numbers increase. In contrast, inter- 
mediate nutrient concentrations may promote optimal microbial 
growth, as they prevent the physiological stress caused by nutri- 
ent limitation at low levels and by inhibitory effects at excessively 
igh levels (Kassen et al. 2000 , Geyer and Barrett 2019 ). Addition-
lly, because cell abundance was measured more frequently than 

iomass production, it is possible that growth dynamics were cap-
ured with greater precision in the abundance data. Future stud-
es should therefore also include measurements of bacterial pro- 
uction at higher frequency to further investigate growth patterns 
nd their relationship with changes in community assembly pro- 
esses in more detail. 

While our study provides important insights into the roles of
ommunity size and nutrient availability in shaping microbial 
ssembly, certain methodological constraints may have limited 

he clarity of the role of stochasticity under these factors. In our
tudy, cell abundances in the small community size treatments 
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ould have been too low, thus causing extinction of the major-
ty of species. Implementing a broader gradient of community
izes would therefore allow us to identify the transition zone,
here stochasticity and determinism shift, and to test whether

his threshold moves under different nutrient availability. The nu-
rient gradient applied here (5–25 μg/l TP) was narrow relative to
evere eutrophication that can be found in some systems, and we
herefore encourage future studies to apply broader gradients to
etter address effects of very high, and also low, nutrient concen-
rations, respectively. However, our results are valid across a broad
ange of eutrophication scenarios for many boreal and northern
akes, as the applied TP range captures the transition from olig-
trophic to mesotrophic conditions that constitute ecologically
eaningful eutrophication scenarios in such lakes (Forsberg and

yding 1980 ). Other constraints of our studies relate to that the
pplied nutrient additions were adjusted following the Redfield
atio and therefore do not take effects of different and more vari-
ble elemental ratios (Elser et al. 2007 ) into account. Moreover,
hile we used six replicates, which is more compared to most
ther experimental studies, increasing the number of replicate
ommunities even more could further unravel stochastic and de-
erministic patterns in the different treatments, for example re-
ated to the existence of distinct alternative states of community
ompositions (Hayashi et al. 2024 ). Finally, our experiment was
un over 13 days and a longer time span should be considered in
uture experiments to reveal long-term changes in assembly pat-
erns. However, stochasticity is usually most pronounced at the
tart of the assembly of a community, due to priority effects or
cological drift (Fukami 2015 , Dini-Andreote et al. 2015 , Bier et al.
022 ). 

In this study, we applied both pairwise Aitchison distances and
ull modelling (NST) to evaluate how community size and nutri-
nt concentration influence bacterial community assembly. While
itchison distance provides a direct measure of compositional
issimilarity between replicate communities (Aitchison 1982 ), the
ST estimates the relative contribution of stochastic versus deter-
inistic processes by comparing observed beta-diversity to ran-

omized null expectations (Ning et al. 2019 ). However, NST re-
ults are known to depend strongly on the choice of null model
nd its underlying assumptions (Chase et al. 2011 , Stegen et al.
013 , Zhou and Ning 2017 ). Because Aitchison distance-based
eta-diversity represents the observed magnitude of within-group
ompositional variation independently of model assumptions, the
iscussion of community assembly patterns in this study primar-

ly relies on Aitchison distance results, with NST outcomes used
s complementary, model-informed support. 

To conclude, our study reinforces previous findings that
tochasticity tends to become more important under high nutri-
nt availability, likely due to enhanced bacterial growth and re-
uced competitive exclusion. Importantly, we also demonstrate
hat larger communities are more strongly influenced by stochas-
ic processes than smaller ones, suggesting that stochastic initial
rowth of species may play a greater role when community size
s larger. Unlike many previous studies that focus on single en-
ironmental drivers, our experimental design allowed us to in-
estigate the effects of community size and nutrient availability
nd their interactions on assembly processes. These findings con-
ribute novel insights into how multiple ecological factors inter-
ctively shape bacterial communities. Managing both nutrient in-
uts and secondary stressors that reduce microbial biomass may
herefore be critical to maintaining diverse and functionally re-
ilient microbial communities. Future work should build on this
pproach to further disentangle the complex relationships be-
ween environmental change and stochastic community assem-
ly. Expanding this research will help to refine ecological theory
nd enhance our ability to manage microbial communities under
nvironmental stress. 

cknowledgements 

he authors would like to thank Christoffer Bergvall and Yvonne
eyer-Lucht for their help with the laboratory work. Moreover, we
ant to thank Javier Florenza García for his guidance and advice
n flow cytometry. Sequencing was performed by SNP&SEQ Tech-
ology Platform in Uppsala, which is part of National Genomics

nfrastructure (NGI) Sweden and Science for Life Laboratory. Com-
utations were done with the resources of the Swedish National
nfrastructure for Computing (SNIC) at Uppsala Multidisciplinary
enter for Advanced Computational Science (UPPMAX). 

upplementary data 

upplementary data is available at FEMSEC Journal online. 

onflict of interest : None declared. 

unding 

his work was supported by grants from the Swedish Research
ouncil by Silke Langenheder (grant 2019–03970) and the Olsson-
orgh foundation. 

ata availability 

equencing data have been deposited at the European Nucleotide
rchive (ENA) under the project number PRJEB96060. Bacte-

ial abundance and production data are available on Zenodo:
0.5281/zenodo.16911903. 

eferences 

itchison J , Barceló-Vidal C, Martín-Fernández JA et al. Logratio anal-
ysis and compositional distance. Math Geol 2000; 32 :271–5. https:
//doi.org/10.1023/A:1007529726302 .

itchison J . The statistical analysis of compositional data. J R Stat Soc
Ser B Stat Methodol 1982; 44 :139–60. https://doi.org/10.1111/j.2517
-6161.1982.tb01195.x .

lbright MBN , Chase AB, Martiny JBH. Experimental evidence that
stochasticity contributes to bacterial composition and function-
ing in a decomposer community. mBio 2019; 10 :e00568–19. https:
//doi.org/10.1128/mBio.00568-19 .

pprill A , McNally S, Parsons R et al. Minor revision to V4 region SSU
rRNA 806R gene primer greatly increases detection of SAR11 bac-
terioplankton. Aquat Microb Ecol 2015; 75 :129–37, https://doi.org/
10.3354/ame01753 .

ier RL , Vass M, Székely AJ et al. Ecosystem size-induced environ-
mental fluctuations affect the temporal dynamics of community
assembly mechanisms. ISME J 2022; 16 :2635–43. https://doi.org/10
.1038/s41396- 022- 01286- 9 .

ao X , Zhao D, Li C et al. Regime transition shapes the composition,
assembly processes, and co-occurrence pattern of bacterioplank-
ton community in a large eutrophic freshwater lake. Microb Ecol
2022; 84 :336–50, https://doi.org/10.1007/s00248- 021- 01878- 6 .

hase JM , Kraft NJB, Smith KG et al. Using null models to disen-
tangle variation in community dissimilarity from variation in

https://academic.oup.com/femsec/article-lookup/doi/10.1093/femsec/fiaf110#supplementary-data
https://doi.org/10.1023/A:1007529726302
https://doi.org/10.1111/j.2517-6161.1982.tb01195.x
https://doi.org/10.1128/mBio.00568-19
https://doi.org/10.3354/ame01753
https://doi.org/10.1038/s41396-022-01286-9
https://doi.org/10.1007/s00248-021-01878-6


Bick et al. | 9

H

H
 

J

J

K
 

K

K  

 

 

L  

L  

N  

N

O

O  

 

O

P  

 

P

P

Q  

 

s1219 .

D
ow

nloaded from
 https://academ

ic.oup.com
/fem

sec/article/101/12/fiaf110/8305078 by Torgny N
Ã?Â¤sholm

 user on 24 N
ovem

ber 2025
α-diversity. Ecosphere 2011; 2 :art24. https://doi.org/10.1890/ES10 
-00117.1 .

Chase JM , Leibold MA. Spatial scale dictates the productivity–
biodiversity relationship. Nature 2002; 416 :427–30. https://doi.org/ 
10.1038/416427a .

Chase JM , Myers JA. Disentangling the importance of ecological 
niches from stochastic processes across scales. Phil Trans R Soc 
B 2011; 366 :2351–63. https://doi.org/10.1098/rstb.2011.0063 .

Chase JM . Stochastic community assembly causes higher biodiver- 
sity in more productive environments. Science 2010; 328 :1388–91. 
https://doi.org/10.1126/science.1187820 .

Chen Y , Ma G, Wu C et al. Bacterial communities exhibit apparent 
phosphate concentration-related patterns of community compo- 
sition, alpha diversity, and phylogenetic structure in the subtrop- 
ical Daya Bay. Front Mar Sci 2023; 9 . https://doi.org/10.3389/fmars. 
2022.1065973 .

Dini-Andreote F , Stegen JC, van Elsas JD et al. Disentangling mech- 
anisms that mediate the balance between stochastic and deter- 
ministic processes in microbial succession. Proc Natl Acad Sci USA 

2015; 112 :E1326–32. https://doi.org/10.1073/pnas.1414261112 .
Elser JJ , Bracken MES, Cleland EE et al. Global analysis of nitrogen 

and phosphorus limitation of primary producers in freshwater, 
marine and terrestrial ecosystems. Ecol Lett 2007; 10 :1135–42. ht 
tps://doi.org/10.1111/j.1461-0248.2007.01113.x .

European Environment Agency . Waterbase—Water Quality . Copen- 
hagen: ICM, 2024.

Evans S , Martiny JBH, Allison SD. Effects of dispersal and selec- 
tion on stochastic assembly in microbial communities. ISME J 
2017; 11 :176–85. https://doi.org/10.1038/ismej.2016.96 .

Forsberg C , Ryding SO. Eutrophication parameters and trophic state 
indices in 30 Swedish waste-receiving lakes. Archiv Fur Hydrobi- 
ologie 1980; 89 :189–207.

Fukami T . Historical contingency in community assembly: integrat- 
ing niches, species pools, and priority effects. Annu Rev Ecol Evol 
Syst 2015; 46 :1–23. https://doi.org/10.1146/annurev- ecolsys- 1104 
11-160340 .

Geyer KM , Barrett JE. Unimodal productivity-diversity relationships 
among bacterial communities in a simple polar soil ecosystem. 
Environ Microbiol 2019; 21 :2523–32. https://doi.org/10.1111/1462-2 
920.14639 .

Giorgio PA , Bird DF, Prairie YT et al. Flow cytometric determination 

of bacterial abundance in lake plankton with the green nucleic 
acid stain SYTO 13. Limnol Oceanogr 1996; 41 :783–9. https://doi.or 
g/10.4319/lo.1996.41.4.0783 .

Giorgio PAd , Cole JJ. Bacterial growth efficiency in natural aquatic 
systems. Annu Rev Ecol Syst 1998; 29 :503–41. https://doi.org/10.1 
146/annurev.ecolsys.29.1.503 .

Gloor GB , Macklaim JM, Pawlowsky-Glahn V et al. Microbiome 
datasets are compositional: and this is not optional. Front Micro- 
biol 2017; 8 :2224. https://doi.org/10.3389/fmicb.2017.02224 .

Hayashi I , Fujita H, Toju H. Deterministic and stochastic pro- 
cesses generating alternative states of microbiomes. ISME Com- 
mun 2024; 4 :ycae007. https://doi.org/10.1093/ismeco/ycae007 .

Herlemann DP , Labrenz M, Jürgens K et al. Transitions in bacterial 
communities along the 2000 km salinity gradient of the Baltic 
Sea. ISME J 2011; 5 :1571–9. https://doi.org/10.1038/ismej.2011.41 .

Houseman GR , Mittelbach GG, Reynolds HL et al. Perturbations al- 
ter community convergence, divergence, and formation of mul- 
tiple community states. Ecology 2008; 89 :2172–80. https://doi.org/ 
10.1890/07-1228.1 .

Huang D , Zheng H, Cheng J et al. Nitrogen and phosphorus dis- 
criminate the assembly processes of prokaryotic and eukary- 
otic algae in an agricultural drainage receiving lake. Sustainability 
2023; 15 :2584. https://doi.org/10.3390/su15032584 .

ubbell SP . The Unified Neutral Theory of Biodiversity and Biogeography 
(MPB-32) . Princeton: Princeton University Press, 2011. https://doi. 
org/10.1515/9781400837526 .

user BJ , Fölster J. Prediction of reference phosphorus concentra- 
tions in Swedish lakes. Environ Sci Technol 2013; 47 :1809–15. https:
//doi.org/10.1021/es3040413 .

acobi CM , Siqueira T. High compositional dissimilarity among small 
communities is decoupled from environmental variation. Oikos 
2023; 2023 :e09802. https://doi.org/10.1111/oik.09802 .

iao C , Zhao D, Zeng J et al. Eutrophication in subtropical lakes rein- 
forces the dominance of balanced-variation component in tem- 
poral bacterioplankton community heterogeneity by lessening 
stochastic processes. FEMS Microbiol Ecol 2022; 98 :fiac051. https: 
//doi.org/10.1093/femsec/fiac051 .

assen R , Buckling A, Bell G et al. Diversity peaks at intermediate 
productivity in a laboratory microcosm. Nature 2000; 406 :508–12.
https://doi.org/10.1038/35020060 .

emp PF , Cole JJ, Sherr BF et al. (eds). Handbook of Methods in Aquatic 
Microbial Ecology . Boca Raton: CRC Press, 2018. https://doi.org/10 
.1201/9780203752746 .

irchman D , K’nees E, Hodson R. Leucine incorporation and its po-
tential as a measure of protein synthesis by bacteria in natu-
ral aquatic systems. Appl Environ Microbiol 1985; 49 :599–607. https:
//doi.org/10.1128/aem.49.3.599-607.1985 .

iu K , Hou J, Liu Y et al. Biogeography of the free-living and
particle-attached bacteria in Tibetan lakes. FEMS Microbiol Ecol 
2019; 95 :fiz088. https://doi.org/10.1093/femsec/fiz088 .

iu N , Hu H, Ma W et al. Relative importance of deterministic and
stochastic processes on soil microbial community assembly in 

temperate grasslands. Microorganisms 2021; 9 :1929. https://doi.or 
g/10.3390/microorganisms9091929 .

emergut DR , Schmidt SK, Fukami T et al. Patterns and pro-
cesses of microbial community assembly. Microbiol Mol Biol Rev 
2013; 77 :342–56. https://doi.org/10.1128/MMBR.00051-12 .

ing D , Deng Y, Tiedje JM et al. A general framework for quantita- 
tively assessing ecological stochasticity. Proc Natl Acad Sci USA 

2019; 116 :16892–8. https://doi.org/10.1073/pnas.1904623116 .
ksanen J , Blanchet FG, Friendly M et al. vegan: Community Ecology 

Package. CRAN, 2017.
rrock JL , Fletcher Jr. RJ. Changes in community size affect the out-

come of competition. The American Naturalist 2005; 166 :107–11.
https://doi.org/10.1086/430641 .

rrock JL , Watling JI. Local community size mediates ecological drift 
and competition in metacommunities. Proceedings of the Royal So- 
ciety B: Biological Sciences 2010; 277 :2185–91. https://doi.org/10.109 
8/rspb.2009.2344 .

aradis E , Schliep K. ape 5.0: an environment for modern phylogenet-
ics and evolutionary analyses in R. Bioinformatics 2019; 35 :526–8.
https://doi.org/10.1093/bioinformatics/bty633 .

elinson RM , Leibold MA, Schiesari L. Community variability in pond 
metacommunities: interactive effects of predators and isolation 

on stochastic community assembly. Oikos 2022; 2022 :e08798. ht 
tps://doi.org/10.1111/oik.08798 .

ielou EC . The measurement of diversity in different types of biolog- 
ical collections. J Theor Biol 1966; 13 :131–44. https://doi.org/10.101 
6/0022- 5193(66)90013- 0 .

uast C , Pruesse E, Yilmaz P et al. The SILVA ribosomal RNA gene
database project: improved data processing and web-based tools.
Nucleic Acids Res 2013; 41 :D590–6. https://doi.org/10.1093/nar/gk 

https://doi.org/10.1890/ES10-00117.1
https://doi.org/10.1038/416427a
https://doi.org/10.1098/rstb.2011.0063
https://doi.org/10.1126/science.1187820
https://doi.org/10.3389/fmars.2022.1065973
https://doi.org/10.1073/pnas.1414261112
https://doi.org/10.1111/j.1461-0248.2007.01113.x
https://doi.org/10.1038/ismej.2016.96
https://doi.org/10.1146/annurev-ecolsys-110411-160340
https://doi.org/10.1111/1462-2920.14639
https://doi.org/10.4319/lo.1996.41.4.0783
https://doi.org/10.1146/annurev.ecolsys.29.1.503
https://doi.org/10.3389/fmicb.2017.02224
https://doi.org/10.1093/ismeco/ycae007
https://doi.org/10.1038/ismej.2011.41
https://doi.org/10.1890/07-1228.1
https://doi.org/10.3390/su15032584
https://doi.org/10.1515/9781400837526
https://doi.org/10.1021/es3040413
https://doi.org/10.1111/oik.09802
https://doi.org/10.1093/femsec/fiac051
https://doi.org/10.1038/35020060
https://doi.org/10.1201/9780203752746
https://doi.org/10.1128/aem.49.3.599-607.1985
https://doi.org/10.1093/femsec/fiz088
https://doi.org/10.3390/microorganisms9091929
https://doi.org/10.1128/MMBR.00051-12
https://doi.org/10.1073/pnas.1904623116
https://doi.org/10.1086/430641
https://doi.org/10.1098/rspb.2009.2344
https://doi.org/10.1093/bioinformatics/bty633
https://doi.org/10.1111/oik.08798
https://doi.org/10.1016/0022-5193(66)90013-0
https://doi.org/10.1093/nar/gks1219


10 | FEMS Microbiology Ecology, 2025, Vol. 101, No. 12

Redfield AC . The biological control of chemical factors in the envi- 

R  

 

 

R  

 

S  

 

 

S  

 

S  

 

S  

 

S  

 

S  

 

S  

 

S  

 

Svoboda P , Lindström ES, Ahmed Osman O et al. Dispersal tim- 
 

 

V  

 

 

V  

 

V  

 

V  

 

 

Z  

 

 

Z  

Z  

 

 

Z  

 

Z  

 

R
©
A

w

D
ow

nloaded from
 https://academ

ic.oup.com
/fem

sec/article/101/12/fiaf110/8305078 
ronment. Am Sci 1958; 46 :230A–221.
en L , He D, Chen Z et al. Warming and nutrient enrichment in

combination increase stochasticity and beta diversity of bacte-
rioplankton assemblages across freshwater mesocosms. ISME J
2017; 11 :613–25. https://doi.org/10.1038/ismej.2016.159 .

on R , Fragman-Sapir O, Kadmon R. Dispersal increases ecological
selection by increasing effective community size. Proc Natl Acad
Sci USA 2018; 115 :11280–5. https://doi.org/10.1073/pnas.1812511 
115 .

adeghi J , Chaganti SR, Shahraki AH et al. Microbial community and
abiotic effects on aquatic bacterial communities in north tem-
perate lakes. Sci Total Environ 2021; 781 :146771. https://doi.org/10
.1016/j.scitotenv.2021.146771 .

insabaugh RL , Turner BL, Talbot JM et al. Stoichiometry of microbial
carbon use efficiency in soils. Ecol Monogr 2016; 86 :172–89. https:
//doi.org/10.1890/15-2110.1 .

iqueira T , Saito VS, Bini LM et al. Community size can affect the sig-
nals of ecological drift and niche selection on biodiversity. Ecology
2020; 101 :e03014. https://doi.org/10.1002/ecy.3014 .

loan WT , Nnaji CF, Lunn M et al. Drift dynamics in microbial
communities and the effective community size. Environ Microbiol
2021; 23 :2473–83. https://doi.org/10.1111/1462-2920.15453 .

mith DC , Azam F. a simple, economical method for measuring bac-
terial protein synthesis rates in seawater using 3H-leucine. Mar
Microb Food Webs 1992; 6 :107.

tegen JC , Lin X, Fredrickson JK et al. Quantifying community assem-
bly processes and identifying features that impose them. ISME J
2013; 7 :2069–79. https://doi.org/10.1038/ismej.2013.93 .

tegen JC , Lin X, Konopka AE et al. Stochastic and deterministic as-
sembly processes in subsurface microbial communities. ISME J
2012; 6 :1653–64. https://doi.org/10.1038/ismej.2012.22 .

terner RW , Elser JJ. Ecological Stoichiometry: The Biology of Elements from
Molecules to the Biosphere . Princeton: Princeton University Press,
2002.
eceived 25 August 2025; revised 21 October 2025; accepted 22 October 2025 
The Author(s) 2025. Published by Oxford University Press on behalf of FEMS. This is an O

ttribution License ( https://creativecommons.org/licenses/by/4.0/ ), which permits unrest

ork is properly cited.
ing determines the importance of priority effects in bacterial
communities. ISME J 2018; 12 :644–6. https://doi.org/10.1038/isme
j.2017.180 .

ass M , Székely AJ, Lindström ES et al. Warming mediates the re-
sistance of aquatic bacteria to invasion during community coa-
lescence. Mol Ecol 2021; 30 :1345–56. https://doi.org/10.1111/mec.
15800 .

ellend M , Srivastava DS, Anderson KM et al. Assessing the relative
importance of neutral stochasticity in ecological communities.
Oikos 2014; 123 :1420–30. https://doi.org/10.1111/oik.01493 .

ellend M . The Theory of Ecological Communities (MPB-57) . Princeton:
Princeton University Press, 2016. https://doi.org/10.1515/978140
0883790 .

ieira HH , Bagatini IL, de Moraes GP et al. Regional factors as major
drivers for microbial community turnover in tropical cascading
reservoirs. Front Microbiol 2022; 13 . https://doi.org/10.3389/fmicb.
2022.831716 .

hao R-Z , Zhang W-J, Zhao Z-F et al. Determinants and assembly
mechanism of bacterial community structure in Ningxia section
of the Yellow River. Microorganisms 2023; 11 :496. https://doi.org/10
.3390/microorganisms11020496 .

hou J , Deng Y, Luo F et al. Functional molecular ecological networks.
mBio 2010; 1 . https://doi.org/10.1128/mbio.00169-10 .

hou J , Deng Y, Zhang P et al. Stochasticity, succession, and envi-
ronmental perturbations in a fluidic ecosystem. Proc Natl Acad
Sci USA 2014; 111 :E836–45. https://doi.org/10.1073/pnas.1324044
111 .

hou J , Liu W, Deng Y et al. Stochastic assembly leads to alternative
communities with distinct functions in a bioreactor microbial
community. mBio 2013; 4 . https://doi.org/10.1128/mBio.00584-12 .

hou J , Ning D. Stochastic community assembly: does it matter in
microbial ecology? Microbiol Mol Biol Rev 2017; 81 :e00002–17. https:
//doi.org/10.1128/MMBR.00002-17 .
pen Access article distributed under the terms of the Creative Commons 
ricted reuse, distribution, and reproduction in any medium, provided the original 

by Torgny N
Ã?Â¤sholm

 user on 24 N
ovem

ber 2025

https://doi.org/10.1038/ismej.2016.159
https://doi.org/10.1073/pnas.1812511115
https://doi.org/10.1016/j.scitotenv.2021.146771
https://doi.org/10.1890/15-2110.1
https://doi.org/10.1002/ecy.3014
https://doi.org/10.1111/1462-2920.15453
https://doi.org/10.1038/ismej.2013.93
https://doi.org/10.1038/ismej.2012.22
https://doi.org/10.1038/ismej.2017.180
https://doi.org/10.1111/mec.15800
https://doi.org/10.1111/oik.01493
https://doi.org/10.1515/9781400883790
https://doi.org/10.3389/fmicb.2022.831716
https://doi.org/10.3390/microorganisms11020496
https://doi.org/10.1128/mbio.00169-10
https://doi.org/10.1073/pnas.1324044111
https://doi.org/10.1128/mBio.00584-12
https://doi.org/10.1128/MMBR.00002-17
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Methods
	Results
	Discussion
	Acknowledgements
	Supplementary data
	Funding
	Data availability
	References

