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HIGHLIGHTS

o Development of a framework to discover microbial indicators of ecosystem health.
o Identification of nitrogen-responsive bacterial predictive indicators.

e Determination of ecological change points for sensitive and tolerant bacteria.

e Foundation for a microbial-based metric of oxidised-nitrogen for ecosystem health.

ARTICLE INFO ABSTRACT
Keywords: Microorganisms represent the most taxonomically and functionally diverse components of freshwater environ-
Microbiome ments. Whilst distinct microbial communities exist across freshwater habitats, such as the water column and

Machine learning sediments, epilithic and epiphytic biofilm communities are critical in performing key roles in biogeochemical

z:)‘:h;em health cycling and freshwater food webs. Despite their biogeochemical and ecological importance, microorganisms are
Nmayte underrepresented in freshwater monitoring programmes and lack metrics to interpret complex ecological com-
Nitrogen munities and assess ecosystem health.

We developed a framework for identifying microbial indicators of ecosystem health by analysing 16S rRNA
gene sequences from bacterial communities in 1574 freshwater biofilm samples collected from 694 sites across
England’s river networks. Tree-based machine learning regression was used to assess taxa importance, and
threshold-indicator analysis was applied to identify pollutant concentrations that alter the composition of
freshwater biofilm communities, providing a foundation for incorporating microbial data into ecosystem health
metrics.

We applied this framework to measure the response of bacterial communities within English freshwater
biofilms to an oxidised nitrogen gradient. Our results demonstrate that bacterial taxa can predict a large pro-
portion of the variance in oxidised nitrogen concentrations, and we identified specific concentrations at which
sensitive and tolerant taxa respond. This study represents a step toward developing a microbial metric of
ecosystem health, advancing the potential use of microbial indicators in future monitoring programs. This
framework could enable investigation of new and emerging pressures by examining how environmental per-
turbations affect functional processes, potentially across various trophic levels, providing a more comprehensive
view of environmental dynamics in biomonitoring.
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1. Introduction

Addressing the decline in water quality driven by human pressures
such as land-use changes and global climate change is a significant so-
cietal challenge (van Vliet et al. 2023; Shi et al. 2024). Legislation such
as the Water Framework Directive (WFD) (European Union 2000; HM
Government 2017) attempts to address this challenge by setting a target
of “good ecological status” (GES) across water bodies to ensure future
sustainable water resources. However, 25 years after its adoption, 63%
of water bodies in the European Union fail to meet GES (EEA 2024). Both
point-source and diffuse pollution from phosphorus and nitrogen, as
well as harmful chemicals including pharmaceuticals, pesticides, and
personal care products (Whelan et al. 2022; Wilkinson et al. 2022),
contribute to unachieved ecological quality targets. Nutrient enrich-
ment, in particular, is recognised as a key factor contributing to the
failure to achieve GES (EEA 2024). Additionally, there is growing
recognition that nutrients rarely act in isolation and their effects can
intensify when combined with other environmental stressors such as
hypoxia, increased water temperature, or co-exposure to pesticides (Folt
et al. 1999; Gomez Isaza et al. 2020; Morrissy et al. 2021; Akinnawo
2023). For example, nitrate-N has been shown to interact synergistically
with pesticides such as malathion, significantly reducing survival rates
in aquatic taxa compared to either stressor alone (Krishnamurthy and
Smith 2010). Furthermore, the negative effects of nitrate can be com-
pounded by natural stressors such as abrupt temperature fluctuations or
acidic pH (Gomez Isaza et al. 2018).

Nutrient management goals are often not linked with ecological
targets (Carvalho et al. 2019; EEA 2024). For example, there is no sys-
tematic use of nitrogen-based criteria for the ecological assessment of
rivers in the UK (Poikane et al. 2019), despite nitrate-N levels in England
not decreasing relative to the decline in dissolved phosphorus concen-
trations (Environment Agency, 2024b). Across Europe, nitrogen
thresholds exist alongside phosphorus, with total nitrogen thresholds
ranging from 0.25 to 4 mgL™ in lakes and 0.25 to 35 mgL™ in rivers
(Poikane et al. 2019). While setting new thresholds could be useful,
there could be implications for key economic sectors, such as agricul-
ture. Therefore, a balance is required between the willingness to set
ecologically relevant thresholds (Howden et al. 2013; Wiering et al.
2023) and the practical challenges of achieving them.

There is a long-held assumption that within inland waters nitrogen
plays a less important role than phosphorus in limiting primary pro-
ductivity. This assumption is based on work that shows phosphorus has
the most significant effect on the community composition of photo-
trophs in freshwaters (Biggs 2000; Hilton et al. 2006; Neal et al. 2006;
Stevenson et al. 2012; Yuan et al. 2023), leading to a focus on controlling
phosphorus loads to address eutrophication. This dogma is now being
challenged as more evidence of co-limitation by nitrogen emerges
(Maberly et al. 2002, 2020; Jarvie et al. 2018). Thus, scientific opinion
now recognises the need for a dual strategy that addresses both phos-
phorus and nitrogen (Schindler 2012; Dolman et al. 2016; Schindler
et al. 2016; Paerl et al. 2020).

Nutrient thresholds are typically derived from statistical methods
that examine the strength of associations between biological commu-
nities and are largely driven by phosphorus gradients (Poikane et al.,
2019; Kelly et al., 2022). For example, current monitoring under the
WEFD uses biological quality elements (BQEs) which focus on specific
biological groups (phytoplankton, macrophytes, phytobenthos, benthic
macroinvertebrates, and fish), none of which show a strong or distinct
response to nitrogen. To improve nitrogen management, organisms or
processes that respond directly to nitrogen availability, such as micro-
bial communities and their associated biogeochemical functions, could
be monitored and better reflect true ecological change (Kelly et al.
2022).

Microbial communities in freshwater ecosystems have potential to
act as additional ecological indicators. They are the most taxonomically
and functionally diverse component of freshwater ecosystems (Hug et al.
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2016; Thompson et al. 2017) and form epilithic biofilms that play a
crucial role in the global biogeochemical cycling of essential nutrients
(Falkowski et al. 2008; Battin et al. 2016). When existing tools for the
assessment of GES were developed, available methods were not practical
to characterise the diversity and functional potential of microbial
communities. High-throughput sequencing methods, including meta-
barcoding and metagenomic approaches, now enable characterisation of
microbial communities in situ (Gilbert et al. 2014; Shaffer et al. 2022;
Thorpe et al. 2025). Recent work has shown that alkalinity and related
variables (pH and conductivity) is the largest driver in shaping bacterial
communities in rivers, followed by nitrate-N and orthophosphate
(Thorpe et al. 2026). Furthermore, the sensitivity of microbes to
nitrate-N pollution and their active involvement in nitrogen processing
demonstrate their potential as candidates for nitrate-N indicators
(Kuypers et al. 2018; Zhang et al. 2022).

To maximise the potential of large high-throughput sequencing
datasets, machine learning techniques have been developed and adop-
ted. These techniques have allowed complex interactions between bio-
logical communities and environmental variables to be discovered by
leveraging predictive regression or classification models (Cordier et al.
2019; McElhinney et al. 2022). Two such methods are random forests
and extreme gradient boosting, both of which use bootstrapping ap-
proaches to create many decision trees, resulting in highly interpretable
models (Breiman 2001; Geurts et al. 2006; Chen and Guestrin 2016).
Crucially, these models enable the extraction of important features
contributing to model predictions, which could identify microbes most
affected by environmental pressures and useful as indicators of ecolog-
ical health. Such models have been widely applied to other microbiome
data, particularly in healthcare settings (Pasolli et al. 2016; Ai et al.
2019; Zhou and Gallins 2019; Kosciolek et al. 2021). They have also
been applied in environments such as agricultural soils (Chang et al.
2017), leaf litter (Thompson et al. 2019), bioreactors (Dutta et al. 2022;
Yu et al. 2024), marine sediments (Lanzén et al. 2021), ballast waters
(Gerhard and Gunsch 2019), and aquaculture (Frithe et al. 2021).
However, their application in microbial ecology in natural freshwater
environments remains limited, and they have not yet been used to
develop microbial metrics. To our knowledge, the only work developing
microbial metrics focuses on predicting the Infaunal Quality Index (IQI:
Kennedy et al. 2011) using bacterial communities and random forest
approaches which are already used for regulatory compliance (Wyness
et al. 2026). However, the IQI is only for use in transitional and coastal
waters and the microbial variant serves as a replacement for macro-
invertebrate sampling, rather than a direct measure of a pressure.
Collectively, molecular technologies and machine learning approaches
present new opportunities to better understand microbial ecology in
aquatic environments, particularly in the development of novel micro-
bial indicators and metrics of water quality and ecosystem health
(Ghannam and Techtmann 2021; Codello et al. 2022; Guseva et al. 2022;
McElhinney et al. 2022; Hallin 2023; Orr et al. 2025).

Here, we develop an analytical framework using DNA metabarcod-
ing data to identify features of microbial communities that could serve
as bioindicators of environmental change. To achieve this, we analysed
16S rRNA gene sequences from bacterial communities in 1574 fresh-
water biofilm samples from 694 sites across England’s river networks.
We created an analysis framework utilising machine learning techniques
to develop baselines for microbial indices and microbially derived
ecological change points where the community responds strongest to
specific water quality concentrations. Then, we demonstrate the appli-
cation of the analysis framework by assessing the impact of oxidised
nitrogen concentrations on the bacterial component of the river micro-
biome. This study also serves as a case study to illustrate how meta-
barcoding can support faster progress towards WFD targets, as well as
contributing to the wider debate on appropriate nitrogen thresholds for
inland waters.
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2. Materials and methods
2.1. Site selection and biofilm sampling

To capture trends in microbial communities across England, river
benthos samples collected as part of the Environment Agency’s River
Surveillance Network monitoring program for diatoms were utilised.
This is a network of spatial sample locations that are statistically
generated in an unbiased manner using a generalised random tessella-
tion stratified probabilistic sampling design (Brown et al. 2015). Stone
or macrophyte scrape samples were collected according to previously
described methods (Kelly et al. 2020) from selected sites and sampled up
to six times in the spring and autumn of 2021, 2022, and 2023 (Fig. 1).

Biofilm-covered stones were collected in a tray and scrubbed with
deionised or tap water using a clean toothbrush. Using a pipette, 5 mL of
the biofilm suspension was transferred to a 15 mL tube containing
RNAlater-based preservative (3.5 M ammonium sulphate, 17 mM so-
dium citrate, and 13 mM Ethylenediaminetetraacetic acid), transported
to the laboratory via an overnight courier at 5 + 3 °C, and stored frozen
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at —20+5 °C for up to 3 years prior to DNA extraction (Kelly et al. 2020;
Warren et al. 2024).

2.2. Water chemistry

Water chemistry data from sampling locations collected between
2021 and 2023 were extracted from the Environment Agency Water
Quality Archive (Open WIMS data). Both nitrate-N and TON were left-
censored because of the abundance of values below the limit of detec-
tion (LOD). Within Python (version 3.12.3) a Kaplan-Meier Estimation
(KME) was applied to impute values to the lowest available LOD (Kaplan
and Meier 1958) using lifelines package (version 0.28) KaplanMeierFitter
function (Davidson-Pilon 2024). To assess the overall impact of oxidised
nitrogen concentrations on the microbiome, data were expressed as the
mean measurement for both nitrate-N and TON within a three-month
period prior to biofilm sampling. This approach accounts for the fact
that microbial biofilms are integrative indicators that reflect seasonal
averages and nutrient conditions leading up to sampling, rather than
instantaneous concentrations which may be subject to high-frequency
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Fig. 1. Map of England showing the sample site locations. Colours represent the number of times each site was sampled during a three-year period from 2021 to
2023. Of the 694 sites, 66 were visited once, 547 twice, 7 three times, 12 four times, 30 five times, 32 six times, and 3 seven times.
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variability (Snell et al. 2014; Kelly et al. 2020).
2.3. Sequence generation and processing

Bacterial communities were characterised by metabarcoding, as
previously described in Environment Agency (2024a). Briefly, DNA was
extracted using the DNA Fecal/Soil Microbe Kit (cat. no. D6011; Zymo
Research, CA, USA) following a modified protocol to maximise DNA
recovery (Newbold et al. 2023, 2025). The v4 region of the 16S rRNA
gene was amplified using primers 515f: 5-GTGYCAGCMGC
CGCGGTAA-3' and 806r-modified: 5-GGACTACNVGGGTWTCTAAT-3'
(Walters et al. 2016) and tagged before sequencing using an Next-
Seq1000 (Illumina, CA, USA) instrument. Cutadapt was used to remove
primer sequences, and subsequent quality control, trimming, and
denoising of the amplicon reads were performed using dada2 (version
1.35.6) (Martin 2011; Callahan et al. 2016). Taxonomy was assigned to
amplicon sequence variants (ASVs) using the SILVA 138.2 database
using the AssignTaxonomy() function, which was modified to perform
1000 bootstraps, with a minimum of 90% of bootstraps required to
assign taxonomy to the genus level (Wang et al. 2007; Quast et al. 2013).
Data were transformed per sample to relative abundance to normalise
samples and avoid data leakage between model training and evaluation.
Low-abundance taxa (<0.001% of the total aggregate relative abun-
dance across all samples) and those with a low prevalence (found in <10
samples) were discarded (n = 1014 genera removed) to reduce issues of
overfitting, resulting in 699 genera for further analysis. Bacterial ASVs
were aggregated to the genus level at a 90% confidence threshold prior
to modelling to reduce feature sparsity and improve model stability
while retaining sufficient taxonomic resolution for functional ecological
interpretation. This level of aggregation also ensures consistency across
samples and sampling periods, which is important for identifying
long-term indicators of ecosystem condition.

2.4. Tree-based regression analysis

The performance of two machine learning algorithms implemented
within Python (version 3.12.3), sklearn’s (version 1.4.2) Random-
ForestRegressor (Breiman 2001; Geurts et al. 2006) and xgboost’s (version
3.0.0) XGBRegressor (Chen and Guestrin 2016), was compared for the
ability to predict nitrate-N and TON concentrations using bacterial
genera relative abundance and to extract predictive indicator genera.

Throughout models utilised a 70/30% train/test split with a random
state of 42 to ensure reproducibility. Optimal hyperparameters for each
model and regressor combination were determined using Random-
izedSearchCV with 500 combinations trialled, each using a 10 cross-fold
validation approach. The final model hyperparameters (Table 1) were
evaluated based on the mean R? across fold validations and compared
with the R? of the test data to ensure that the models were not overfitted.
The final model performance was evaluated using the test set R? and the
mean average percentage error.

Shapley additive explanation (SHAP) values were calculated for the
test set using the Python SHAP package (version 0.46.0), which
increased model interpretability by quantifying the contribution of each
genus to the prediction. The SHAP values were derived from cooperative
game theory by iteratively assessing all combinations of features and
measuring how the model's prediction changed as individual features
were added or removed, where a feature’s final SHAP value reflected its
average marginal contribution across these combinations (Lundberg
et al. 2020; Li et al. 2024).

2.5. Threshold indicator analysis

We used the threshold indicator taxa analysis within R (version
4.3.2) using the TITAN2 (version 2.4.3) package (Baker and King 2010;
R Core Team 2022) to identify microbial genera that respond to changes
in oxidised nitrogen concentrations and could therefore act as threshold

Water Research 300 (2026) 125959

Table 1

Final hyperparameter values used for the oxidised nitrogen models. Full
hyperparameter definitions are available for RFR and XGB. CV-grid score is the
mean R? score calculated across all cross-validation folds and the test R? score
which is generated by assessing the model’s performance on the test dataset
using the final, optimal hyperparameters.

Chemical Model Optimal hyperparameters CV- Test
type grid R?
score
Nitrate-N RFR 'max_depth': None, 'max_features" 0.632 0.596
log10 0.5, 'min_samples_leaf" 1,
'min_samples_split": 5, 'n_estimators':
300
TON log10 RFR 'max_depth": None, 'max_features" 0.636 0.597

0.5, 'min_samples _leaf" 1,
'min_samples_split: 9, 'n_estimators':

400
Nitrate-N XGB 'colsample_bytree": 0.7, 'gamma’: 0.668 0.654
logl0 0.148153724, 'learning rate" 0.1,

'max_depth': 3, 'min_child_weight" 6,

'n_estimators': 300, 'reg_alpha": 0.1,

'reg_lambda': 0.809361155,

'subsample’: 0.8

'colsample_bytree": 0.6, 'gamma’: 0.670 0.650
0.068356481, 'learning rate": 0.1,

'max_depth': 3, 'min_child_weight" 5,

'n_estimators': 300, 'reg_alpha': 0,

'reg_lambda': 0.821926636,

'subsample”: 0.6

TON logl0  XGB

indicators. The same data used in the machine learning models were
used as input for the titan() function, with the default 0.95 reliability
threshold, an increased number of permutations to 500, and a reduced
purity cut-off of 0.8. Purity thresholds were reduced from the default to
allow more community members to contribute to the filtered sensitive
and tolerant taxon change points. Ecological change points were
calculated for all bacterial genera and then again for all predictive in-
dicator genera identified in the SHAP analysis of the regression models
to ensure final indicators were representative of the total bacterial
community.

2.6. Linking functional processes with indicator models

Reference genomes were interrogated to link the results of the in-
dicator analysis to the nitrogen cycling functional capabilities of each
genus. To do this for all genera used for modelling, complete annotated
reference genomes were downloaded from NCBI (O’Leary et al. 2024).
This was first performed by searching for all the genus-level reference
genomes. If no genus-level reference genomes were available, family
level references were used. If no reference genomes were available, the
genus was omitted from the analysis. Mismatches between SILVA 138.2
and the NCBI taxonomy were resolved manually by searching for known
synonyms.

Reference genome annotations were parsed within Python, and child
gene ontology (GO) terms for nitrogen cycle metabolic processes
(G0:0071941) and GO descriptions were matched using GOtools
(Klopfenstein et al. 2018). For each reference genome, the GO terms for
nitrogen cycling were marked as present or absent. A genus was deter-
mined to be capable of a child process if any of the references were
capable of that process.

To link function with predictive models and genus indicator status,
weighted abundance tables were created to express the proportion of the
community involved in each functional process. This allowed the iden-
tification of processes that may contribute disproportionately to nitrate-
N prediction. Genera were then grouped by indicator status (predictive-
threshold sensitive, predictive-threshold tolerant, and non-indicator
genera), and we assessed whether genera in any group were more
likely to be involved in nitrogen cycling processes.

Shotgun metagenomic analysis would have been the preferred
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approach for linking functional processes with changes in pressures but
opted to use this approach as a more cost-effective option.

3. Results
3.1. Site chemical and microbial characterisation

A total of 1574 biofilm samples were collected from 694 sites across
the river networks of England (Fig. 1). The average nitrate-N concen-
trations had a median value of 2.75 mgL" and ranged from 0.001 to
31.85 mgLl. TON had a median of 2.80 mgL'! and ranged from 0.005 to
32.00 mgL! (Fig. 2). Nitrate-N, TON, and total nitrogen were all very
strongly correlated with each other (Pearson’s r > 0.99), moderately
correlated with nitrite and alkalinity (r = 0.42-0.43), and weakly
correlated with phosphates and phosphorus (r < 0.262, Supplementary
Materials 1 + 2). Bacterial communities characterised using 16S V4
region rRNA gene metabarcoding generated 51,234,432 high quality
reads containing 305,821 unique ASVs, of which 30.08% of reads
(11.38% of ASVs) were assigned at the genus level, representing a total
of 699 genera (Supplementary Materials 3) and used to build predictive
models.

3.2. Identification of important predictive bacterial indicators of oxidised
nitrogen

Both the XGB and RFR model types performed similarly in terms of
R? and mean average percentage error, with XGB demonstrating a
slightly improved fit and lower error compared to the equivalent RFR
models (Table 2, Supplementary Materials 4). Therefore, XGB models
were selected for both nitrate-N and TON.

Genera were deemed important predictive indicators if the SHAP
values exceeded the value expected under equal contribution (i.e. the
total sum of SHAP values for all genera divided by the number of
genera). While additional genera had non-zero SHAP values and thus
contributed to predictions, they were not classified as important (above
a SHAP value of 0 but below the value of ‘equal importance’). The XGB
models identified 193 unique genera that were important in either the
nitrate-N or TON model, with 130 genera common to both models and
22 and 41 unique important predictive indicators in the nitrate-N and
TON models, respectively (Supplementary Materials 5).

For each XGB model, the 20 most important genera (based on SHAP
values) were ranked and plotted to demonstrate how their relative
abundance influenced the model predictions (Supplementary Materials
6 and 7). The relationships between these genera and the concentrations
of nitrate-N and TON were simplified to positive or negative relation-
ships (Table 3). Of the top 20 important taxa identified for each model,
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Table 2

RFR and XGB model comparisons in terms of model fit, error, and distribution of
feature importance according to SHAP analysis. The number of features above
‘equal importance’ is the number of features where the contribution is greater
than the total SHAP values divided by the total number of features. Peak SHAP
value (%) is the peak SHAP value expressed as a percentage of the total model
SHAP values.

Oxidised Model R? Number of Number of Peak
Nitrogen type features features above SHAP
modelled above equal value
(log10) 0 SHAP importance (%)
value

Nitrate-N RFR 0.596 695 109 16.09
Nitrate-N XGB 0.654 346 152 6.83
TON RFR 0.597 681 109 16.84
TON XGB 0.650 416 171 5.16

16 genera were shared, while four genera were unique to the nitrate-N
model: Roseococcus, Paludibaculum, Acinetobacter, and Polaromonas,
and four were unique to the TON model: Phormidium CYN64, Chamae-
siphon PCC-7430, Phormidesmis ANT.LACV5.1, and Pseudanabaena PCC-
7429. Those genera important in both models displayed similar re-
lationships with the concentration of nitrate-N and TON. Additionally,
the top four most important genera were shared across all models.

3.3. Identification of important predictive-threshold bacterial indicators
of oxidised nitrogen

Of the 699 genera used for modelling, only 193 were important
predictive indicators according to XGB modelling. Of these, only 37 taxa
were not threshold indicators for either nitrate-N or TON in the TITAN
analysis, resulting in 156 genera which were important predictive-
threshold indicators of oxidised nitrogen species (Supplementary Ma-
terials 5). For most genera (98.2%), the two models agreed on whether
there was no threshold response or whether the response was increasing
(tolerant) or decreasing (sensitive) (Table 4).

Using the predictive threshold indicators, TITAN identified the
community change point of oxidised nitrogen: the concentration along
the environmental gradient where the sensitive or tolerant taxa show the
strongest change, according to the concentration which had the greatest
cumulative sum of z-scores. The significant community level change
points were similar for both the nitrate-N and TON models, with tolerant
genera having an ecological change point of 3.78 mgL™! and 3.97 mgL?,
respectively. Sensitive genera also had similar change points of 0.30
mgL?! for nitrate-N and 0.30 mgL' for TON. In addition, similar
ecological change points were identified when using all bacterial genera

60 1 Type of Oxidised Nitrogen Measured
% so =3 Nitrate-N
= =3 Total Oxidised Nitrogen
g 401
("2}
S 301
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Fig. 2. Distribution of nitrate-N (brown) and Total Oxidised Nitrogen (green) across number of samples measured on a log10 scale.
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Table 3

Top 20 genera from both nitrate-N and TON models showing their rank of
importance in model prediction according to SHAP values, as well as their
relationship to the dependent variable (4 for positive, — for negative, nl for non-
linear). Higher taxonomic levels are shown in brackets.
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Table 4

The number of genera that had a threshold response to nitrate-N and TON which
met purity (0.8) and reliability (0.95) filters. Tolerant genera were those that
increased in response to a threshold change whereas sensitive genera decreased
in response to a threshold change.

Taxonomy (domain/phylum/class/order/family) Genus SHAP rank (relationship

with dependent

variable)
Log 10 Log 10
Nitrate-N TON
(Bacteria; Pseudomonadota; Gammaproteobacteria; 1(+) 1)
Burkholderiales; Comamonadaceae)
Hydrogenophaga
(Bacteria; Pseudomonadota; Gammaproteobacteria; 2(+H) 2(+H)
Burkholderiales; Rhodocyclaceae) Denitratisoma
(Bacteria; Pseudomonadota; Gammaproteobacteria; 3(+H) 3()
Lysobacterales; Lysobacteraceae) Arenimonas
(Bacteria; Pseudomonadota; Alphaproteobacteria; 4(-) 4(-)
Sphingomonadales; Sphingomonadaceae)
Polymorphobacter
(Bacteria; Pseudomonadota; Alphaproteobacteria; 5(@) 10 (-)
Hyphomicrobiales; Beijerinckiaceae) FukuN57
(Bacteria; Bacteroidota; Bacteroidia; Cytophagales; 6 (+) 5(+)
Spirosomataceae) Lacihabitans
(Bacteria; Acidobacteriota; Acidobacteriae; 7@¢) 26
Bryobacterales; Bryobacteraceae) Paludibaculum
(Bacteria; Pseudomonadota; Gammaproteobacteria; 8 (+) 6 (+)
Lysobacterales; Rhodanobacteraceae)
Pseudolysobacter
(Bacteria; Pseudomonadota; Alphaproteobacteria; 9() 11 ()
Sphingomonadales; Sphingomonadaceae)
Rhizorhapis
(Bacteria; Acidobacteriota; Acidobacteriae; 10 () 15 (-)
Bryobacterales; Bryobacteraceae) Bryobacter
(Bacteria; Myxococcota; Myxococcia; Myxococcales; 11 () 9()
Anaeromyxobacteraceae) Anaeromyxobacter
(Bacteria; Cyanobacteriota; Cyanobacteriia; 12 (+) 8 (+)
Cyanobacteriales; Xenococcaceae) Pleurocapsa PCC-
7319
(Bacteria; Cyanobacteriota; Cyanobacteriia; 13 () 12 ()
Pseudanabaenales; Pseudanabaenaceae)
Synechococcus PCC-7502
(Bacteria; Verrucomicrobiota; Verrucomicrobiia; 14 (+) 17 (+)

Verrucomicrobiales; Rubritaleaceae) Rubritalea
(Bacteria; Pseudomonadota; Alphaproteobacteria; 15 (-) 18 (-)
Caulobacterales; Hyphomonadaceae) UKL13-1

(Bacteria; Pseudomonadota; Gammaproteobacteria; 16 (+) 7 ()
Rickettsiellales; Rickettsiellaceae) Rickettsiella

(Bacteria; Pseudomonadota; Gammaproteobacteria; 17 (-) 36
Burkholderiales; Comamonadaceae) Polaromonas

(Bacteria; Pseudomonadota; Alphaproteobacteria; 18 (1) 23
Acetobacterales; Acetobacteraceae) Roseococcus

(Bacteria; Pseudomonadota; Gammaproteobacteria; 19 (+) 13 (+)
Burkholderiales; Oxalobacteraceae) Massilia

(Bacteria; Pseudomonadota; Gammaproteobacteria; 20 (nl) 29
Pseudomonadales; Moraxellaceae) Acinetobacter

(Bacteria; Cyanobacteriota; Cyanobacteriia; 29 14 ()
Leptolyngbyales; Leptolyngbyaceae) Phormidium
CYN64

(Bacteria; Cyanobacteriota; Cyanobacteriia; 42 16 ()
Leptolyngbyales; Leptolyngbyaceae) Chamaesiphon
PCC-7430

(Bacteria; Cyanobacteriota; Cyanobacteriia; 55 19()
Phormidesmiales; Phormidesmiaceae) Phormidesmis
ANT.LACV5.1

(Bacteria; Cyanobacteriota; Cyanobacteriia; 100 20 ()

Pseudanabaenales; Pseudanabaenaceae)
Pseudanabaena PCC-7429

as input for regression and not only predictive indicator genera (Sup-
plementary Materials 8).

3.4. Linking functional processes to predictive indicator models

The use of NCBI to extract functional potential was imperfect with

Genera for TITAN model for nitrate

No threshold Number of Number of
response sensitive tolerant
Genera for No threshold 37 1 1
TITAN model response
for TON Number of 1 60 0
sensitive
Number of 1 0 92
tolerant

only 340 (48.6%) of genera having a reference genome at the genus level
and 271 (38.8%) at family level. However, there were significant
Pearson correlations between the relative abundance of taxa performing
certain nitrogen cycling metabolic processes and predicted oxidised
nitrogen in the XGB models. Three nitrogen cycle processes were weakly
but significantly correlated with predicted oxidised nitrogen: denitrifi-
cation processes (nitrate-N: r = 0.198, p < 0.0001, TON: r = 0.202, p <
0.0001, Supplementary Materials 9), urea metabolic processes (nitrate-
N: r=—0.092, p = 0.046, TON: r=—0.100, p = 0.029, Supplementary
Materials 9), and other nitrogen cycling processes (nitrate-N: r = 0.191,
p < 0.0001, TON: r = 0.192, p < 0.0001, Supplementary Materials 9).
These suggest that taxa that perform these functional processes increase
with increased levels of nitrate-N and TON. The relative abundance of
genera performing nitrogen fixation, and nitrate assimilation showed no
significant trends with predicted nitrate-N or TON (Supplementary
Materials 9).

3.5. Linking functional processes to predictive-threshold indicators

Genera were split into three groups based on their final indicator
status (Fig. 3), and the proportion of taxa involved in these pathways
was compared. Some trends were observed: the predictive-sensitive in-
dicator group had a higher proportion of genera which performed ni-
trogen fixation, urea metabolism, and nitrate assimilation. Whereas the
predictive-tolerant indicator group had a higher proportion of genera
associated with denitrification and other nitrogen cycling genes. How-
ever, none of these were significantly different.

4. Discussion

This study developed an analytical framework to investigate and
identify potential microbial indicators of river ecosystem health. Using
the framework, we identified bacterial genera that were predictive in-
dicators of nitrate-N and TON. We subsequently identified which of
these predictive indicators were responsive to specific concentrations of
nitrate-N and TON and change point concentrations (i.e. where over half
of the bacterial community respond) for nitrate-N and TON. We then
linked these predictive-threshold indicators to metabolic pathways
involved in nitrogen cycling. This integrative approach provides a more
robust scientific foundation based on organisms performing important
ecological functions, to inform and support environmental regulators in
protecting and restoring ecosystem health.

4.1. Framework identifies ecological relevant microbial indicators

Our framework identified 156 bacterial genera that are potential
predictive-threshold indicators of oxidised nitrogen concentration, with
the models accounting for a large proportion of the observed variance in
both nitrate-N (R2:0.654) and TON (R2:0.650), and the associated SHAP
values form the basis of a bacterial index for oxidised nitrogen in rivers.

Multiple genera identified as predictive-threshold indicators play
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Fig. 3. Sankey diagram showing flow of genera and how predictive-threshold indicators were derived. Predictive indicators were derived from XGB modelling and

passed to TITAN to determine indicators which were also threshold indicators.

key roles in the nitrogen cycling processes, reinforcing the ecological
relevance of our framework. For example, genera involved in denitrifi-
cation processes within nitrogen cycles, such as Denitratisoma (Fahrbach
et al. 2006), were positively associated with nitrate-N and TON. Thus,
we suggest that these genera are limited by oxidised nitrogen at lower
concentrations and increase in abundance at higher concentrations.
Furthermore, we found that the relative abundance of genera involved
in denitrification pathways was weakly but positively associated with
nitrate-N concentrations. Previous studies have similarly shown that
denitrifying genes and denitrifying bacteria are enriched in response to
nitrate-N concentrations (Zhang, S et al. 2016; Zhang, D et al. 2022). In
addition, other genera involved in nitrogen cycling, such as Anaero-
myxobacter (Masuda et al. 2020), showed negative relationships with
nitrate-N and TON. Such genera are known to fix their own nitrate or
utilise urea as a source of nitrogen if required, which may provide a
competitive advantage at low oxidised nitrogen concentrations. This is
further supported by a negative association between the relative abun-
dance of urea metabolising genera and concentrations of nitrate-N. This
competitive advantage potentially allows sensitive indicators to utilise
alternate sources of nitrogen even with low externally available
nitrate-N but are subsequently outcompeted by tolerant genera as
nitrate-N concentrations increase. These findings suggest the framework
is  identifying ecologically relevant taxa as important
predictive-threshold indicators of nitrate-N and TON, however studies
using direct measurements of gene pathways are needed to confirm and
strengthen this link.

Of the predictive indicators, TITAN identified the sensitive 0.30 mgL"
1(0.30 mgL!) and tolerant 3.78 mgL ™! (3.97 mgL ™) change points which
represent the concentration of nitrate-N (and TON) which cause the
most ecological change in bacterial communities with only small dif-
ferences in change points due to differing taxonomic specificity (Sup-
plementary materials 10). Associated nitrate-N and TON concentrations
at 13.0% (12.9% of TON) of corresponding biofilm samples were below
the sensitive change point, and 59.8% (61.2% of TON) were below the
tolerant. In associated work, TITAN analysis using ASVs instead of
genera using the same dataset found similar change points of nitrate-N
reported in this study (1.60 mgL? for nitrate-N sensitive ASVs and
4.07 mgL! for tolerant ASVs, Thorpe et al. 2026). A similar study by
Pilgrim et al. (2022), who undertook a TITAN analysis of
catchment-scale riverine biofilms in the USA, also found similar change
point concentrations for total nitrogen for sensitive bacterial ASVs at
0.467 mgL! and 0.772 mgL™ for tolerant ASVs. Notably, Sundermann
et al. (2015) found similar concentrations impacting freshwater mac-
roinvertebrate communities in Germany (approximately 1 mgL'1 and 3
mgL! for sensitive and tolerant macroinvertebrates, respectively).
However, it is unclear whether this impact on macroinvertebrate com-
munities was caused by nitrate toxicity or eutrophication caused by the
microbiome itself which would explain why similar change points have

been observed (Harding et al. 1999; Camargo et al. 2005; Wang et al.
2021). Nevertheless, these studies find similar ecological change points
for biological communities, all within the same order of magnitude,
suggesting that specified change points may be widespread rather than
localised, and further supports the validation of our analytic framework
in a biomonitoring context.

4.2. Further development of tools for managing impacts on ecosystems

The framework developed in this study could have broad applica-
bility for managing impacts on ecosystems, although further develop-
ment is required. The framework establishes predictive indicator
importance by the SHAP analysis of the XGB models, as well as using
TITAN to determine initial thresholds for ecological sensitivities to
oxidised nitrogen in organisms involved in nitrogen cycling. Thus, our
results lay the foundations for using microbial communities as novel
indicators for managing ecosystems and informing decisions, which can
be built upon to develop metrics for ecosystem health.

Further work and optimisation will improve our understanding of
how oxidised nitrogen impacts communities which are directly involved
in nitrogen cycling in aquatic ecosystems. Understanding could then be
applied to establish causal relationships with both oxidised nitrogen and
other ecosystem components. For example, models may benefit from an
expanded dataset using ASVs instead of genera, or exploration of other
methods of aggregating ASVs such as functional trait-based classifica-
tion (Krause et al. 2014; Yang 2021) or network analysis to identify
groups of interacting bacteria (Ma et al. 2020; Thorpe et al. 2026).
Similarly, the analysis of functional gene composition and expression
using mesocosms may provide a more comprehensive understanding of
ecosystem dynamics than functional inferences based on taxonomy
alone (Thorpe et al. 2025). Finally, other taxonomic groups across tro-
phic levels should be evaluated to better understand the ecological
impact of pressures on the ecosystem using a more holistic approach.
Based on this novel framework, future work could aim to further develop
microbial biomonitoring into a tool for water quality management, that
could be utilised not only in England but also worldwide.

We used TITAN analysis to detect points at which the bacterial
community changed and to offer this as a possible method for deriving
thresholds for oxidised nitrogen in rivers. This is an increasingly com-
mon approach for deriving or evaluating thresholds for physico-
chemical variables (Sundermann et al. 2015; Kelly et al. 2019;
Romero et al. 2019; Pilgrim et al. 2022). However, further research is
required to ensure its robustness for formal regulation. Optimisation
should include trialling a typology approach to evaluate the applica-
bility of different microbial indicators across diverse river systems and
to understand the influence of interacting environmental variables.
However, this study identifies approximate points along the nitrate
concentration gradient at which the underlying ecology changes,



J. Warren et al.

regardless of whether these are practical regulatory targets.

A further challenge is linking these ecological change points to reg-
ulatory targets, because it remains unclear how policy defines ecological
ambition with respect to oxidised nitrogen in inland waters. The Nitrates
Directive (European Union 1991; Nikolaidis et al. 2025) expresses this
ambition as avoiding ‘“eutrophication”. The WFD is more specific,
requiring the achievement of GES, formally defined by the condition of a
limited number of components of the riverine ecosystem. A broad
narrative framework that links nitrogen cycle processes to current reg-
ulatory ecological impact targets would support the interpretation of
TITAN outputs and could stimulate alternative approaches for setting
thresholds.

5. Conclusion

We developed and applied a novel analytical framework to initiate
the development of a bacterial metric for assessing oxidised nitrogen in
freshwater riverine ecosystems. The framework identified ecologically
relevant bacterial indicators of oxidised nitrogen and identified con-
centrations of ecological change within these communities. The frame-
work developed here could be used to investigate new and emerging
pressures, assess the impact of perturbations on functional processes
within the environment, and further investigate the roles that microbes
play in supporting a healthy environment. This integrative approach
provides a robust scientific foundation to inform and support environ-
mental regulators in protecting and restoring ecosystem health.

Code/Data availability

The FASTQ files are accessible at the ENA (accession number:
PRJEB90117). The bioinformatics scripts are available at Defra-Data
-Science-Centre-of-Excellence/EA_CSG_amplicon_seq_processing_
biofilms: Processing of amplicon sequencing data for EA biofilm project
and the framework with filtered genera and oxidised nitrogen concen-
trations available at Micro-Biology/Warren_et_al_- microbial_indicators.
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