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Abstract 

Biogas is a r enew able ener gy sour ce with gr ea t pot ential, but it s pr oduc tion is fr equently hinder ed by pr oc ess disturbanc es, of 

which a high ammonia c onc entration is one common cause. It is desirable that such disturbances are found as early as possi- 

ble; metag enomics da ta has the potential to impro v e this detection. This study compares functional and taxonomic aspects of 

metag enomics da ta, hypothesizing tha t functional da ta will perf orm be tter f or de tec ting ammonia disturbances. The hypoth- 

esis was t est ed by metagenomic sequencing of samples from three independent studies, which follo w ed lab-scale reactors 

during ammonia disturbances. The resulting sequences were used to pr edic t genes, which wer e func tionally and taxonomi- 

cally annota t ed. The r ead count s of these f eatur es wer e fitt ed t o dis turbance s ta t es and ammonia c onc entrations of r eac tor 

samples using r e gulariz ed r e gr ession, which allo w ed filtering out irrelevant features even with limited sample sizes. Within 

studies, t axonomic dat a had similar or be tter perf ormance in de tec ting ammonia dis turbances and in fit ting ammonia c onc en- 

tr ations. When applying tr ained models to other studies ho w ev er, while perf ormance w as generally poor, func tional models 

mor e often perf ormed be tter compar ed to taxonomic models than the other way around. All in all, our hypothesis that func- 

tional metagenomics would outperform taxonomic metagenomics only found limited support. 

Keywor ds anaer obic digestion, biogas, ammonia disturbance, metagenomics, orthology, classification 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Intr oduc tion 

The biogas system and ammonia 

disturbances 

Biogas is an energy source which can be produced carbon- 

neutrally while handling society’s biodegradable waste streams. 

Its purified form, biomethane, can replace fossil methane gas and 

anaer obic digestion, the pr ocess in which biogas is produced, al- 

lows for the recycling of the nutrients (nitrogen, phosphorous) in 

the input waste str eams (Far ghali e t al. 2022 ). These pr operties 

make biogas an attractive energy source, and the European Union 

has dedica t ed itself t o upsc aling it s pr oduc tion of biogas in the RE- 

Po w erEU plan (European Commission 2022 ). 

A challenge in biogas pr oduc tion is that the process is sensi- 

tive to disturbances, which lead to reduced biogas production, and 

in severe cases even process failure (Wu et al. 2019 ). Such distur- 

bances have been shown to occur frequently, lasting from weeks 

up to months, with methane output decreasing by 30% (Nielsen 

and Angelidaki 2008 ). As a prev entiv e measur e, most biogas plant s 

are being opera t ed a t lo w er organic lo ading ra t e than needed for 

reaching optimal biogas production (Wu et al. 2019 ). 

A common cause for disturbances of the anaerobic digestion

pr ocess is ammonia. Anaer obic diges tion consis ts of interlocking

chains of microbial metabolism. The final link in this network are

the me thanogens, me thane-pr oducing ar chaea, of which some

are particularly sensitive to ammonia poisoning (Jiang et al. 2019 ).

The cellular mechanism of this inhibition is not clear, but the abil-

ity of ‘free’ ammonia (NH 3 ) to permeate across membranes seems

to be inv olv ed, because toxicity is lo w er at lo w er pH, at which more

ammonia is converted to ammonium ions (NH 4 
+ ), which are not

freely-diffusing due to their charge (Gallert et al. 1998 ). When the

me thanogens ar e inhibit ed, this le ads t o the accumula tion of up-

str eam me tabolites, such as hydrogen and carbon dioxide, and

also ac et a t e and other vola tile fa tty acids (VFAs) (Rajag op al et al.

2013 ). Such build-ups are therefore clear signals of a disturbance.

Tow ar ds micr obial community monitoring 

Because of the cost of disturbances in biogas plants, the pro-

cess p aramet ers of anaerobic dig estion are often int ensively mon-

itored. In a re vie w of such monitoring, it was shown that VFAs and

biogas composition are indica t ors of disturb ances a t an e arly stag e

(Wu et al. 2019 ). Ho w ev er, it has been sugg est ed tha t including
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ata on the microbial community could impro v e monit oring ef - 

 ec tiveness (Fer guson e t al. 2018 , Singh 2021 ), as such data might 

eve al disturb ances a t an even e arlier stag e than only chemical p a- 

ameters (Singh 2021 ), and because models based upon chemi- 

 al parame ters may stop working after lar ge micr obiologic al shifts 

Lemaigr e e t al. 2018 ). 

The sta t e of a micr obial community c an be assessed by ana- 

yzing its DNA. Two widely-used techniques are available for this: 

mplicon sequencing, which tar ge t s specific taxonomic marker 

equences, and whole-genome ‘ shot gun’ sequencing, which ran- 

omly samples sequences from all genomes in a sample. This 

tudy mainly c onc erns itself with data generated by the latter tech- 

ique, and r ef ers to it as me tag enomic da ta. After sequence pro- 

 essing, such dat a c an be analyz ed fr om tw o per spectiv es. Fir st, 

he taxonomic per spectiv e views ‘who’ is present in a sample, that 

s, which taxa are present. Second, the functional per spectiv e re- 

ar ds which gene tic func tions ar e pr esent and which me tabolic 

 a thw ays ar e encoded. The two alt erna tive perspectives raise the 

uestion which of them r eflec t s the sta t e of a microbial system 

est. 

omparing the taxonomic and functional 

er spectiv es 

ntuitively, the functional perspective looks more promising than 

he taxonomic per spectiv e, as functions could build more fine- 

rained models of the biogas system. This intuition is further sup- 

orted upon the c onc ept of functional redundancy, in which taxa 

 an be r eplac ed by other t ax a with identic al func tions without any 

ffec t on the system as a whole (Carballa et al. 2015 ). Further- 

or e, micr obial trait s c an vary gr e a tly be tween closely-r ela t ed or- 

anisms, even within species (Welch et al. 2002 ). A phenomenon 

hat also supports the functional per spectiv e is that traits can be 

ransmitt ed t o dist ant t ax a in horiz ontal gene-transf er, although 

t has been proposed that such transfer mostly c onc erns simple 

raits such as antibiotic resist anc e, while c omplex traits such as 

e thanogenesis ar e str ongly c oupled to t axonomy (Martiny et al. 

015 ). 

Findings of whether the functional or taxonomic per spectiv e is 

uperior have varied. In the general micr obiologic al discussion, X u 

t al. ( 2014 ) sho w ed that in the Human Micr obiome Pr ojec t, the dif- 

 er ence in classific ation ac curacy using t axonomic 16S (rRNA gene) 

mplic on sequenc es and me tagenomic func tional annotation w as 

ot significant. Ho w ev er, in a landmark paper of the microbial bio- 

eography field, Louca et al. ( 2016 ) sho w ed that in the invariable 

icr o-envir onment s of rain-f or est beaker plant s, func tional pr o- 

iles pr edic ted fr om 16S amplic on dat a wer e mor e c onst ant than 

he taxonomic data itself, which led them to suggest that func- 

ional data in their field should be ‘the baseline […], particularly 

hen the ultima t e focus is on ecosyst em functioning’. Again in 

 medical context, Casimiro-Soriguer et al. ( 2022 ) compared the 

se of functional and taxonomic profiles to predict c olorect al can- 

er based upon f ec al me tagenomes fr om seven independent stud- 

es, finding that taxonomic data generally performed best. In sum- 

ary, whe ther func tional or taxonomic fe a tures give bett er perfor- 

ance is still ‘ subjec t to debate’ (Hernández Medina et al. 2022 ). 

Even though many studies have investiga t ed the microbial 

omposition and activity in biogas systems, the functional per- 

pective has rarely been comp ared t o the taxonomic per spectiv e. 

F or example, Camp anaro et al. ( 2018 ) looked at taxonomy and

function of the assembled metagenomes of differ ent full-sc ale

biogas plant s, but f ocused on corr elation of taxonomy to process

p aramet ers. In another study, Fischer et al. ( 2019 ) follo w ed inoc-

ula t es in b a t ch experiments, and in half of these ammonia was

increased. Ho w ev er, while 16S amplicon profiles and transcrip-

tomics were both analyzed, their information content was not

compared. A study by Lin et al. ( 2023 ) may be the most informa-

tive for the question in mind; they follo w ed nine re act or s o v er time

to study the pr edic tability of r esponse to changes in feeding. They

found that this change was both reflected in an altered taxonomy

composition and in (functional) meta transcript omic da ta. How-

e ver, the y did not compare which of these perspectives followed

the change best. 

Aim and hypothesis 

In this study, we aim to assess whether functional metagenomic

data is more accura t e than taxonomic data in r epr esenting the

sta t e of micr obiologic al systems, specific ally in the case of bio-

gas r eac tors which ar e disturbed due to changing ammonia con-

centra tions. The g o al of this study is t o contribut e t o the function

v er sus taxonomy deb a t e described abo v e, both in general and in

the specific context of the biogas system. Our hypothesis is that

functional analysis will perform better than taxonomic analysis. To

emphasise the confirma t ory appro ach of this study, the hypothe-

sis has been ‘pr er e gister ed’ (Wagenmakers et al. 2012 ) in a docu-

ment which was digitally signed before starting with data analysis

( Supplementary Data - File 1 ). The study was further expanded to

include a taxonomic per spectiv e based upon 16S amplicon data.

Amplic on dat a is widely used, and is generally less expensive to

g enera t e than shotgun sequencing data, so including a compari-

son of the two types is of general interest. 

B y t es ting this hypothesis within the biogas sys t em, we int end

to explore the possibility for improving its monitoring, both by re-

assessing the performance of the taxonomy per spectiv e, which

has been used in biogas r esear ch mor e fr equently, and by includ-

ing the functional per spectiv e, which is less explored. 

Methods 

Sample selection and classification 

Three independent studies were identified which all follo w ed

ammonia-induc ed disturbanc es o v er time in multiple lab-scale,

mesophilic (37 ◦C) semi-c ontinuous stirred-t ank r eac tors. These

studies are referred to as the Lemaigre study (Lemaigre et al. 2018 ),

the Cardona study (Cardona et al. 2022 ) and the Ahrens study

(Ahr ens e t al. 2025 ), and their charac teristics ar e summariz ed in

Table 1 . 

F or e ach of these studies, re act or performance p aramet er s o v er

time wer e analyz ed; these included f eeding parame ters, gas pr o-

duc tion, fr ee ammonia nitr ogen (FAN) c onc entrations, VFA c on-

c entrations and 16S amplic on profiles. Based upon this analy-

sis, a selec tion f or me tagenomics sequencing w as made of avail-

able samples. The selected samples were also classified into ‘dis-

turbed’ and ‘undisturbed’ classes based upon the same parame-

ters; especially their VFA c onc entr ations. DNA was ex tr acted from

the selected samples using protocols that differ ed be tween the
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studies. For the Lemaigre study, new ex tr ac tions wer e made us- 

ing the AllPrep Po w erViral DNA/RNA Kit (QIAGEN, NL). For the Car- 

dona study, DNA was used that had been ex tr ac ted f or their orig- 

inal study using the Po w erSoil DNA Isolation Kit (MO BIO, USA) 

and which had been stored at −80 ◦C. For the Ahrens study, ex tr ac- 

tions were made using the FastDNA Spin Kit for Soil (MP Biomed- 

ic als, U SA). The resulting DNA ex tr acts were sent to Eurofins Ge- 

nomics (LU) for sequencing (Illumina Novaseq, paired end, > 10 

M reads per sample, 150 bp per read). The resulting raw sequenc- 

ing reads have been deposited in the European Nucleotide Archive 

(see ‘ Data availability ’). 

Sequenc e proc essing 

The resulting sequences were processed using the Snak emak e 

metagenomics w orkflo w nbis-meta (Sund 2021 ). An adapted v er- 

sion of this w orkflo w can be found on Zenodo and GitHub (see 

Data availability ), in which v er sions, options and p aramet ers are 

pr ovided f or all tools; a visual summary is provided in Fig. 1 . The 

w orkflo w started with standard read processing; that is, trimming 

using Trimmoma tic (Bolg er et al. 2014 ), quality-checking using 

FastQC (Babraham Bioinformatics 2010 ) and MultiQC (Ewels et 

al. 2016 ), assembly into contigs (each sample individually) using 

Megahit (Li et al. 2015 ), read alignment to their r espec tive assem- 

bly using Bowtie 2 (Langmead and Salzberg 2012 ), and duplica t e 

removal using SAMtools (Danecek et al. 2021 ). 

The further processing of contigs is described in gre a t er de- 

tail, as their functional and taxonomic annotation is of specific 

int erest t o this publica tion. Prot ein-coding g enes were predict ed 

within contigs by Prodigal (Hy at t et al. 2010 ). For functional an- 

not ation, eggNOG-mapper 2 (Cant alapiedra et al. 2021 ) mapped 

the amino acid sequences of the pr edic t ed g enes t o the eggNOG 

da tab ase v er sion 5 (Huerta-Cepas e t al. 2019 , e ggNOG 2021 ), using 

DIAMOND (Buchfink et al. 2021 ) for alignment, and then used this 

alignment to assign eggNOG orthologous groups (eggNOG_OGs). 

e ggNOG w as used because it is the largest database for orthologs; 

it is aut oma tic ally inf err ed based upon evolutionary p a tt erns. 

It s siz e decr eases the risk of missing func tions of understudied 

micr o-or ganisms, which have been sugg est ed t o be abundant in 

the biogas system (Campanar o e t al. 2020 ). Besides the assigned 

eggNOG_OG, KEGG orthology da ta (Kyot o Encyclopedia of Genes 

and Genomes, 2025 ) included from the eggNOG da tab ase was 

used for additional functional annotation levels. 

For tax onomic anno tation, pr edic ted pr otein-coding gene 

amino acid sequences were aligned by CAT (Von Meijenfeldt et 

al. 2019 ), also using DIAMOND, against the NCBI non-redundant 

prot ein da tab ase (Na tional Cent er for Biot echnology Informa tion 

2021a ), after which the last common ancestor of the matches with 

a low E-value and large sequence similarity w as de t ermined b ased 

upon the NCBI taxonomy da tab ase (Na tional Cent er for Biot ech- 

nology Information, 2021b ). It should be noted that the original 

implementation of CAT used a majority vote per contig, which 

is not included in this analysis; ther ef or e, the curr ent pr ocedur e 

is r ef err ed t o as ‘g ene-level annota tion of taxonomy’ (GAT). Fi- 

nally, functional and taxonomic fe a tures were quantified by count- 

ing the reads mapping to every protein-coding gene pr edic ted by 

Prodigal and summing these per fe a ture. The annota t ed fe a tures 

and gene counts have been deposited in Zenodo (see Data avail- 

ability ). 
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Figure 1 Workflow diagram of the shotgun metagenomics data processing to functional counts (in blue) and taxonomic counts (in light-red). GAT: 

g ene-level annota tion of taxonomy. 

Figure 2 Workflow diagram of the s tatis tical analysis of fe a ture counts. CLR: centered log-ratio transformation. FAN: free ammonia nitrogen. 
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To include 16S amplicon data in the comparison, sequencing 

ount s wer e included fr om the original studies. These sequencing 

ount s wer e based upon differ ent sequencing pr otocols and also 

n differ ent me thods f or inf erring sequence clusters (using ampli- 

 on sequenc e variants or operational t axonomic unit s) and differ- 

nt taxonomy da tab ases. 

Importantly, 16S and GAT data types contain a hierar chic al com- 

onent, that is, organisms which differ at species rank may be the 

ame when viewed at domain rank. A similar hierarchy holds for 

EGG, because in that dat abase, c ount s c an be analyzed per or- 

holog (the lo w est lev el), per module, or p a thway level (the high- 

st level). 

t atis tical analysis 

tatistical analysis of the functional and taxonomic fe a ture counts 

 as perf ormed in R (R Core Te am 2024 ) using p ackag es from the 

idyv er se (Wickham et al. 2019 ). An exemplary analysis can be 

ound in Supplementary Data - File 2 , in which v er sions for all 

 ackag es are included. Furthermore, code for performing all steps 

f the analysis has been deposited in Zenodo and on GitHub (see 

ata availability ). See Fig. 2 for a visual summary of the analysis 

 orkflo w. 

First, the r ead count s f or all f e a tur es wer e transf ormed per sam- 

le, using the centered log ratio from package vegan (Oksanen 

t al. 2022 ), t o compensa t e f or a compositionality bias (Gloor e t 

l. 2017 ). Principal components (PCs) of the transformed fe a ture 

 ount dat a were then computed using the pr comp func tion (R Cor e 

eam 2024 ), and the scores of a PC were multiplied by its eigen- 

alue to visualize the explained variance of each component. To 

nly g enera t e one PC for e ach of the 16S, GAT and functional da ta 

ypes, the data bef or e rank selec tion w as used (OTU or ASV in 16S, 

as is’ in GAT, and eggNOG). 

Subsequently, r e gulariz ed r e gr ession w as applied to the trans- 

 ormed f e a tur e count s. R e gularization makes lar ge and complex 

odels smaller and simpler by removing fe a tures, which is neces- 

ary when the number of fe a tures (far) outnumbers the number of 

samples in a dataset. The package glmnet (Friedman et al. 2010 )

was used, and elastic net models were constructed using mixing

p aramet er α = ½. The elastic net uses the regularization parame-

ter ‘ λ’ to apply lasso-like penalties based upon the number of vari-

ables, resulting in the removal of fe a tures tha t affect model per-

formance least, and uses the same λ to apply ridge-like penalties

based upon the sum of squared coefficients. The combination of

the two types of penalties cir cumvent s the pr oblem of solution in-

stability due to multicollinearity, which is incurred when only ap-

plying lasso penalization (Zou and Hastie 2005 ). An advantage of

using elastic net in this study is that this approach does not allow

for the modelling of non-linear effec t s. This limitation decr eases

the risk of o v erfitting the dataset, which is relevant when working

with limited numbers of samples. 

Two distinct types of r e gulariz ed r e gr ession wer e applied. In lo-

gistic r e gulariz ed r e gr ession, f e a ture da ta was fit t o the disturbed

v er sus undisturbed classification. In linear r e gulariz ed r e gr ession,

fe a ture da ta was fit t o FAN c onc entrations, which are the primary

cause of the disturbance of these r eac tors. Both of these data types

had added value, because while the classification dataset can in-

t egra t e multiple data types in a simple, explainable way, so-called

sep ara tion can make the performance of models with more fea-

tures than samples meaningless (Mansournia et al. 2018 ). Linear

r e gr ession is not hindered by the same phenomenon. 

For every value of λ, models were trained on datasets from the

sample data of all but one r eac tor. For validation, the r espec tive

‘out-r eac tor datase t s’ wer e then fit to these trained models. This

stra t e gy w as chosen o v er leav e -one -out cross -validation, because

the performance of the la tt er could be infla t ed by validation sam-

ples of a r eac tor matching the test sample profile of samples of

the same r eac tor. In validation, so-c alled loss func tions wer e used

t o nega tively quantify the performance of the r e gulariz ed models

for their comparison. The defaults for logistic and linear regression

were used: deviance and mean squared error (MSE), respectively.

The mean loss value of models was plotted against the number

of fe a tures of a model. The number of fe a tures is inv er sely rela t ed

to λ, because as models become more regularized, their number
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of fe a tures decre ases. Models with minimal mean loss and, sec- 

ondarily, a minimal number of included fe a tures were selected 

from the fitted models. In linear r e gr ession, such minimal mean 

loss models could be selected directly, while in logistic regres- 

sion, loss t ends t o decre ase as models grow larger, and therefore 

the smallest models with near-minimal loss wer e selec ted manu- 

ally inst e ad. In da ta types with multiple hierar chic al levels, these 

minimal loss models were used t o det ermine and select the best- 

performing subtype. In the case of multiple levels sharing a simi- 

lar optimal performance, a preference was given to higher levels 

because this might give better performance in subsequent cross- 

s tudy tes ting. Ho w ev er, the highest taxonomic lev els domain, su- 

perking dom and king dom wer e not selec ted, bec ause their small 

number of fe a tures would likely le ad t o o v erfitting in r e gulariz ed 

r e gr ession. 

A fter selec ting the best-perf orming count subtypes, the func- 

tional and taxonomic count types were compared to one another. 

The performance of the minimal loss models of the selected types 

was assessed on test sets from its own type from all studies. For ex- 

ample, the KEGG module’s minimal loss model for logistic regres- 

sion trained on the Lemaigr e study, w as t est ed for the prediction of 

dis turbance s ta t es of samples from the Cardona study, based upon 

that study’s KEGG module counts. Besides deviance and MSE, per- 

f ormance me trics included the ar ea under the receiver operating 

charac teristic curve (AUC) f or logistic r e gr ession and the coeffi- 

cient of det ermina tion (R 

2 ) for linear regression. These two met- 

rics are both useful for comparing between studies, because both 

have a fixed range between 0 and 1. Finally, to ge t mor e insight in 

the r e gulariz ed models, the f e a tures of the minimal loss models 

were ex tr acted. 

R esult s 

Sample selection and classification 

R eac tor parame ter s w er e collec ted fr om thr ee independent stud- 

ies, in which biogas r eac tors encountering ammonia disturbances 

wer e f ollowed over time. Three of these p aramet ers are presented 

in Fig. 3 A, and the feeding p aramet ers in Suppl. Table 1 . In all 

three studies, c onc entra tions of FAN chang ed o v er time in all re- 

actors (ex cep t for the control re act or of the Lemaigre study). For 

the Lemaigre and Cardona studies, the changes were induced as 

part of their study design, while for the Ahrens study, this occurred 

due to high protein content in the substrate. Coincidentally with 

the changes in the FAN c onc entrations, a disturbanc e oc curred, 

that is, the pr oduc tion of me thane decr eased, and VFA c onc en- 

tra tions incre ased. The disturb ances wer e f ollo w ed b y reco v ery 

event s with me thane pr oduc tion r e turning to initial values and 

VFA c onc entra tions decre asing. The magnitude of VFA c onc entra- 

tion peaks varied between the studies, but VFA accumulation was 

in all cases coupled to a decreased methane production, illustrat- 

ing the imbalance in the microbial community metabolism. The 

duration of the disturbance, as pr edic ted based on the VFA levels, 

varied between the studies. Expressed in hydraulic r e tention time 

(HRT), which quantifies how long a volume remains in a r eac tor, 

the Ahrens study sho w ed the f as tes t reco v ery time ( ∼50 days, 1 

HRT), while the Lemaigre and Cardona studies took longer to re- 

co v er (both at least 100 days, which r espec tively corr esponded to 

2 and 4 HRTs). In the Ahrens study, the relativ e lev els of change of 

the r eac tor s’ FAN lev els w ere also much smaller than those of the

other studies, and their methane production never fully halted. 

Selected time points for the Lemaigre and Cardona studies con-

sisted of time points at the ends of phases of their feeding regimes

as described in their publications, which generally matched VFA

pr ofiles. For the Car dona study, day 73 and 147 were also added,

because in a principal component analysis based upon 16S data

(Fig. 4 of that study (Car dona e t al. 2022 )) these samples fell out-

side the three sample clusters to which (end-of-feeding-phase

time points) day 70, 98, 127, and 175 belong. For the Ahrens study,

time point s f or me tagenomic sequencing wer e selec t ed b ased

upon VFA c onc entration profiles. 

The classification of all time points as disturbed or undisturbed

(as indica t ed in Fig. 3 A) was primarily b ased upon VFA c onc en-

trations for all studies. Day 73 of the Cardona study and day 43

and 92 of the Ahrens study were left unclassified ho w ev er, and

left out of further analysis, as their status w as consider ed unclear.

The same was the case for day 239 of the Lemaigre study and 141

of the Ahr ens study, bec ause they were taken after disturbance,

which neither corresponded to the undisturbed sta t e, nor t o the

dis turbed s ta t e. 

Unsupervised analysis: principal 

component analysis 

The metagenomic sequencing data was processed without prob-

lem, so that the mean sample proportion of reads mapping to pre-

dicted assembled genes ranged from 61.0%–67.2% o v er all stud-

ies (see Suppl. Table 2 for standard deviations and read survival

perc ent ag es after e arlier st eps). The annota tion of pr edic t ed g enes

combined with the mapping resulted in functional and taxonomic

c ount dat a. These met agenomic c ount s wer e c ombined with t axo-

nomic 16S amplicon count data. As an initial explora t ory analysis

to see how the count data aligned with the r eac tor parame ters and

imput ed disturb anc e st a t es o v er time, PCs w ere computed and

plotted (Fig. 3 B). For every study, PC1 looked very similar between

data types, and the same was true f or PC2. This w as also true for

16S data; the (subtle) differ ences of its PC curves comp ared t o the

metag enomic da ta types were likely caused by the fact that the

16S data consisted of more samples. 

In the Lemaigre and Cardona study, PC1 (of all data types) fit-

t ed the disturb anc e st a t es w ell. Ho w ev er, in the Ahrens study, PC1

w as alr eady incr easing fr om the first sampling point, which made

it difficult to distinguish changes caused by the disturbance from

effec t s due to initial stabilization of the r eac tors. In that study, PC2

inst e ad seemed to follow the VFA c onc entration more closely. 

Supervised analysis: r e gulariz ed 

r e gr ession 

The differ ent annotation variant s of c ount dat a were used to build

models. Logistic r e gr ession models wer e used to pr edic t samples’

dis turbance s tatus and linear r e gr ession models wer e used to es-

tima t e FAN c onc entrations, which was c onsidered to be the prin-

cipal cause of the disturbance. 

For both types of r e gr ession analysis, e ach da tase t w as ana-

ly zed at multiple, hier archical levels. For example, metagenomes

could be annota t ed a t differ ent taxonomic ranks when using the

GAT tool; the same was true for 16S rRNA sequences. When anno-
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Figur e 3 R eac tor parame ters (A) and principal components (B) o v er time for all three studies. Labeled points on time-axis indica t e metag enomic 

samples (or alt erna tive samples used for 16S sequencing). Blue labels indica t e time points classified as disturbed, black labels with large digits indica t e 

undisturbed time points, and black labels with small digits indica t e unclassified time points. In Lemaigre panels, dashed line represents control re act or 

without addition of ex tr a ammonium. In PC plots (B), c omponent sc ores have been multiplied by their r espec tive eig envalues t o ac c entua t e the first PCs, 

which explain most variance. The range of these multiplied scores is uninformative, therefore only the zero-point is indica t ed. The 16S count dataset 

from which PCs were computed included additional time points, represented as axis ticks without label. 16S: 16S rRNA gene. FAN: free ammonia 

nitrogen. GAT: gene-level annotation of taxonomy. PC: principal component. VFA: volatile f at ty acid. 
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Figure 4 Comparison of regularized logistic and linear regression models, which are based upon functional or taxonomic count data, across studies. 

Models’ mean loss values, calculated by cross-validation, are plotted against the number of included variables, on a logarithmic scale. As loss function, 

deviance is used for logistic regression and MSE for linear regression. In logistic regression, smallest models with near-minimal mean loss (per count 

type, per study) are marked with a vertical bar. In linear r e gr ession, standar d err or bar s hav e been added t o models with minimal me an loss. 16S: 16S 

rRNA gene. ASV: amplicon sequence variant. GAT: gene-level annotation of taxonomy. MSE: mean squared error. OTU: Operational Taxonomic Unit. 
t ating a met agenome functionally using the KEGG database, this 

could be done at the lo w est, single ortholog level, but also on a 

higher, module or p a thway level. F or functional and taxonomic 

count types, the percentages of counts annota t ed a t differ ent lev- 

els is summarized in Suppl. Table 3 . Interestingly, while the taxo- 

nomic highest level ’GAT’ had a larger c ount perc ent age annot ated 

than the functional highest level ’eggNOG’, the taxonomic lo w est 

lev el ’G AT species’ had a lo w er c ount perc ent age annot ated than 

the lo w est functional lev el ’KEGG KO’. 

F or e ach count type, per study, the perf ormances in r e gulariz ed 

logistic r e gr ession and linear r e gr ession per hierar chy level ( Supp 

l. Figs. S1 - S3 ) were compared t o det ermine an optimal level (listed 

in Suppl. Table 4 ). A first group of observations c onc erned the best- 

perf orming hierar chy levels of taxonomic count types. These were 

alw ays (12/12 c ases) of lo w er rank in linear r e gr ession than in lo- 

gistic r e gr ession. The differ ence in rank w as lar ge: while the major- 

ity (4/6 cases) of best-performing levels in logistic r e gr ession w as 

phylum rank, a same share of linear regression was rank genus 

or lo w er. Second, r e gar ding the func tional data types, e ggNOG 

consistently performed w or st in logistic r e gr ession, and KEGG KO

the second w or st. In linear r e gr ession ho w ev er, eggNOG’s minimal

mean loss was lo w er than that of the KEGG data types in two stud-

ies, albeit within the la tt er’s standard error ranges and with very

lar ge models. Furthermor e, KEGG KO never performed best in lin-

ear r e gr ession, but in all studies w as in the standar d err or range

of the best-performing KEGG type. A third class of observations

r e gar ded model siz es: ther e w as no clear differ ence in number of

fe a tures of best-performing models for every count type at every

lev el betw een functional and t axonomic c ount types in general,

but best-performing eggNOG models were largest in all studies

and r e gr ession types. 

The optimal hierarchy levels for all count types are included in

Fig. 4 , where their logistic and linear regression performance are

compared within studies. Taxonomic count types (16S and GAT)

generally had better performance than the functional count types

(KEGG and eggNOG), in both logistic regression and linear regres-

sion. That is, for the same number of v ariables, logis tic and linear

r e gr ession r espec tiv ely had similar or lo w er mean deviance and
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Table 2 Cross-study performance of regularized regression models. 

The ‘AUC / R 2 ’ and ‘Deviance / MSE’ columns r epr esent AUC and Deviance for logistic regression and R 2 and MSE for linear regression, respectively. Cell shading is 
r elative: f or ‘AUC / R 2 ’ all values ar e compar ed, while ‘Deviance / MSE’ values ar e compar ed within the same tes t s tudy and r e gr ession type. AUC: ar ea under the 
receiver operating characteristic curve. GAT: gene-level annotation of taxonomy. MSE: mean squared error. R 2 : the coefficient of det ermina tion. 
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ean MSE (both of which are loss func tions, which ar e lo w er for 

et ter-fit ting models). While model deviance approxima t ed zero 

n all count types in logistic r e gr ession as model siz e incr eased, in- 

ica ting tha t all c ount types c ould perf ec tly pr edic t disturbance 

ta t e, this low-deviance stage was reached with fewer variables by 

 axonomic c ount types. 

It is also noteworthy that in most c omparisons, 16S dat a had 

ear-identic al perf ormanc e as GAT dat a. The exc eptions to this ob- 

ervation were the logistic r e gr ession comparison of the Cardona 

study, where a 16S model reached perfect performance with fewer

variables than the GAT model (of identical rank) and the linear

r e gr ession comparison of the Ahrens study, where the best GAT

model had better mean performance than the 16S model with best

mean performance (although standard error ranges o v erlapped). 

For every study, r e gulariz ed logistic and linear models with min-

imal (or near-minimal) loss wer e selec ted. These ‘trained’ models

were then applied to data from all studies to test their cross-study

performance (of which metrics are shown in Table 2 , while own-
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study performance is shown in Suppl. Table 5 ). The 16S count type 

was omitted from this analysis due to different indexing da tab ases 

in differ ent s tudies. When firs t comparing own-s tudy performance, 

it is r emark able that trained logistic r e gr ession models had good 

performanc e sc ores (high AUC; low deviance), but in specific cases 

the trained linear r e gr ession models perf ormed w or se (lo w er R 

2 ; 

higher MSE) on own datase t s: this w as the c ase f or the KEGG mod- 

ule type of the Cardona study, and the GAT order and eggNOG 

types of the Ahrens study. 

The cr oss-study perf ormance of models w as generally poor, but 

this performance varied gre a tly. Logistic models’ mean AUC was 

0.362 (standard deviation (SD): 0.366) and mean deviance was 9.68 

(SD: 5.84); linear models’ mean R 

2 was 0.212 (SD: 0.225) and mean 

MSE was 9.99 (SD: 19.7). A be tter-perf orming ex cep tion was the 

Lemaigre study’s logistic r e gr ession model trained on KEGG mod- 

ule counts, when t est ed on the Ahrens study. Ano ther ex cep tion 

w as the Car dona s tudy’s logis tic r e gr ession model trained on GAT 

phylum counts, when t est ed on the Lemaigre study. F or line ar re- 

gression models, the main ex cep tion t o the g eneral observa tion 

of poor performance were the models trained on the Cardona 

study which were applied to the Lemaigre study. These models 

had three of the four top-ranking R 

2 values (excluding own-study 

testing). 

When the performances of functional count types eggNOG and 

KEGG wer e compar ed t o tha t of the t axonomic c ount type GAT, one 

or more functional count types had both higher AUC/R 

2 and lo w er 

Deviance/MSE for 3/6 t est da tase t s (excluding same-study data) 

in logistic r e gr ession and 1/6 test se t s in linear r e gr ession. The 

rev er se, t axonomic c ount types outperf orming func tional count 

types, was not observed in any of the tw elv e combinations of re- 

gression types and test sets. No differences in performance were 

f ound be tween the thr ee studies. 

Finally, the fe a tures of all minimal loss models were ex tr acted, 

t og ether with their regression coefficients. Although an in-depth 

description of all included fe a tures is beyond the scope of this 

study, the number of fe a tures shared across regression types, from 

the same s tudies, are lis ted in Suppl. Table 6 . The gre a t est o v er- 

lap of fe a tures between logistic and linear regularized regression 

models was observed in the Cardona study, while the Lemaigre 

and Ahrens study had a lo w er de gr ee of f e a ture sharing. The o v er- 

lap of r e gr ession types w as gr e a t er for t axonomic c ount types 

than for the functional count type eggNOG. When comparing fea- 

tur es shar ed be tween studies using the same r e gr ession algorithm 

( Suppl. Table 7 ) only few fe a tures were shared in linear regression. 

In logistic r e gr ession, the o v erlap of r e gr ession types w as again 

gre a t er for 16S and GAT than for eggNOG. 

Discussion 

Given the interest in including microbial community data in biogas 

monitoring, w e hav e compared the value of functional and taxo- 

nomic inf ormation f or de tec ting pr oc ess disturbanc es in r eac tors. 

In an initial unsupervised analysis of 16S rRNA c ounts, t axonomic 

GAT and functional eggNOG counts, main PCs of functional and 

t axonomic c ount dat a looked similar (Fig. 3 ). Subsequent r e gular- 

iz ed r e gr ession analyses (Fig. 4 ) sho w ed tha t models b ased on tax - 

onomic p aramet er s could achiev e a similar or better fit than mod- 

els based on functional parameters, and this was the case in three 

independent lab-scale studies of ammonia disturbance. Further- 

more, ex tr act ed fe a tures of the best-performing regularized re-

gression models sho w ed a gre a t er o v erlap for taxonomic fe a tures

than f or func tional f e a tures ( Suppl. Tables 6 - 7 ), which would sug-

g est gre a t er stability. Ho w ev er, while the performance of trained

models on other studies was generally poor (Table 2 ), models us-

ing eggNOG and KEGG counts fitted tes t s tudy data better than GAT

models in multiple combinations of studies and r e gr ession types,

while the rev er se (G AT models having a be tter fit) w as not ob-

served. Nonetheless, in sum, the results do not convincingly sup-

port our hypothesis that functional metagenomics data r epr esent

the biogas process better than taxonomic metagenomics data. 

When comparing our r esult s to findings r eport ed in e arlier lit er-

ature, they do not match the statement by Louca et al. ( 2016 ) that

functional data should be the ‘baseline’ of future microbial studies

(they only claimed this for the context of biogeography ho w ev er).

Even in linear regression, taxonomic models gave a similar or bet-

ter fit for FAN c onc entrations, which does not support the expec-

ta tion tha t func tional models, which ar e mor e fine-grained, would

perf orm be tter. On the other hand, our r esult s do ma t ch the sta tis-

tic ally insignific ant differ ence in classific ation accuracy be tween

16S amplic on dat a and met agenomic annot ation found by Xu et

al. ( 2014 ), as well as the findings of Casimiro-Soriguer et al. ( 2022 ),

who found taxonomic data outperf orming func tional data in a hu-

man microbiome context. 

The pr esented r esult s do not support the hypothesized fine-

grained nature of functional models, as functional models did not

consistently have more fe a tures than taxonomic models. While

eggNOG type models did have a larger size, these are not as con-

vincing as KEGG models would be, because their annotation has

a taxonomic component. The concept of functional redundancy

(Carballa et al. 2015 ) was supported in cross-s tudy v alidation by

functional count data outperforming taxonomic count data more

often than the other way around, but this result was undermined

by gre a t er fe a ture sharing between taxonomic models. 

To explain the underwhelming performance of the functional

data types, one could hypothesize that functional da tab ases are

even mor e incomple t e than taxonomic da tab ases. The biogas sys-

tem includes many poorly-described micr oor ganisms (Campa-

nar o e t al. 2020 ). For these, the func tional annotation of orthologs

is likely to be based upon experiments in distantly-rela t ed organ-

isms, which c ould reduc e the reliability of these annot ations. How-

ever, this reasoning is not in line with the finding that fewer counts

were annota t ed a t the G AT species lev el than at the KEGG KO level

( Suppl. Table 3 ). 

rRNA amplicons, metagenomic DNA, and 

meta transcript omic RNA 

The finding that between taxonomic data types, the metage-

nomic GAT counts did not consistently outperf orm count s based

upon 16S rRNA data is in line with r ecent r esult s in human mi-

cr obiome r esear ch, wher e me tag enomic da ta has been found t o

yield ‘similar performances’ or has performed only ‘slightly bet-

ter’ (Bars-Cortina et al. 2024 ). This implies that f or curr ent envir on-

mental micr obiologic al analyses, 16S rRNA amplicon sequencing-

b ased t echniques may suffice, or even be pr ef erable bec ause of

their lo w er cost. The promise of such 16S rRNA-b ased monit or-

ing has been supported in a meta-analysis (Cort ez-Cervant es et

al. 2024 ). Ho w ev er, the performance of metagenomic data might
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e impro v ed b y using the full CAT w orkflo w (Von Meijenf eldt e t 

l. 2019 ). CAT includes a majority vote for all genes on a con- 

igs, and this vote was excluded here for the sake of compari- 

on to functional data, which is always analyzed per gene. Fur- 

hermor e, cr oss-s tudy tes ting of 16S data was not possible in the 

urr ent study, bec ause differ ent w orkflo ws w ere used, including 

iffer ent ex tr ac tion pr otocols and 16S rRNA r e gions f or sequenc- 

ng, and differ ent softw ar e and da tab ases for analysis. To allow 

or an impro v ed comparison between studies, the first (easier) 

tep would be to use the same analytic pipeline and database for 

6S r ead pr ocessing. As a f ollow-up , an a tt empt could then be 

ade at the challenge of compensating f or differ ent sequencing 

rotocols. 

Transcriptomic sequencing data could give a valuable addi- 

ional per spectiv e to this study. Such information, showing which 

enes ar e ac tiv ely being transcribed, might giv e a mor e r eliable 

unc tional perspec tive than me tag enomic da ta. F or example, ar- 

haea have been shown to have larger transcriptomic activity than 

ould be expected based upon their (metagenomic) abundance 

Wirth et al. 2023 ). While the potential of meta transcript omics 

s gre a t, ho w ev er, handling RNA is more demanding than both 

6S rRNA amplicon sequencing and metagenomics. Implement- 

ng RNA-based monitoring in biogas processes would therefore 

ikely be more challenging than implementing DNA-based moni- 

oring. Other possible w orkflo ws for g enera ting sequencing count 

ata include assembly-free annotation tools, or 16S rRNA-based 

unctional annota tion t ools. We do not, ho w ev er, expect such 

hanges in the sequenc e proc essing t o alt er the conclusions of our 

tudy. 

o w er, design, and s t ability 

hile our r esult s do no t support our hypo thesis, they canno t con- 

lusively dismiss it. Even though this study included multiple in- 

ependent data se t s, the number of independent r eac tors is still 

oo small for a s tatis tical tes t with sufficient po w er to compare the 

 esult s of the functional and taxonomic count types. The multiple 

ierarchy levels for each count type further increased the number 

f fe a tures rela tive t o the sample siz e. A pr omising analytic alter- 

ativ e w ould be to apply bootstrapping, which allows for the es- 

imation of c onfidenc e intervals for c omplex metrics (Hastie et al. 

016 ). An example of such an application would be estimating the 

ize of the best-performing model per count type for every study. 

ust like other statistical methods ho w ev er, bootstrapping is sen- 

itive to sample size. 

When r eflec ting on the studies and samples that wer e included 

n the presented analysis, the Ahrens s tudy s tands out. Its re act or 

 aramet ers look different comp ared t o the other studies, having 

n inhibition of methane production that was only partial as well 

s a quick reco v ery of VFA levels. Furthermore, the first PCs of all 

ount types of the Ahrens study indica t e tha t re act ors had not sta- 

ilized after inocula tion; this start-up effec t o v erlapped with the 

is turbance s ta tus classifica tion. Omit ting this v ariable from logis- 

ic r e gr ession should ther ef or e c ause a bias in it s output, but us- 

ng the study Ahrens for training or testing did not give observably 

o w er performance than the other studies. Including a control re- 

ctor might have more clearly separated stabilization from distur- 

ance effec t s, as w as visible in the first PC of the Lemaigr e study. 

The general poor cross-s tudy tes ting perf ormance, toge ther 

ith the lack of shared fe a tures select ed by glmnet, show that 

models are unstable in their fe a ture selection. One reason for this

could be that models were selected for having small fe a ture size

at their optimal performance, instead of ac c epting larger models

with potentially lo w er varianc e, as rec ommended by Friedman et

al. ( 2010 ). Besides ac c epting larger models, iterative approaches

such as stability selection (Meinshausen and Bühlmann 2010 ) and

the int egra tion of fe a ture selection across studies could be at-

t empt ed. 

Implic ations f or biogas pr oduc tion 

The back gr ound of this study lies in the r elevance of pr edic ting dis-

turbances in biogas plants; an expensive risk in the production of

biogas. The g o al of looking into functional and t axonomic dat a of

microbial communities is to identify signals that w arn f or a distur-

bance even earlier than pr ocess parame ters such as VFA. Alterna-

tively the functional and taxonomic perspectives could give an es-

tima t e of a r eac tor’s sensitivity to disturbance, thereby allowing

stable r eac tors to be run at their full organic loading rate capac-

ity, which in turn increases gas pr oduc tion. A r ecent ex ample of

using microbial data to better understand r eac tor dysfunc tion is

the unravelling of foaming in the anaerobic digestion of sewage

sludge by Krohn et al. ( 2025 ). In the current study a sequencing

prot ocol b ased around Illumina technology was used, which has

long turnaround times, and that could delay feedback of infor-

mation in an application at biogas plant s. A modific ation in the

prot ocol tha t could impro v e throughput w ould be the implemen-

t ation of port able sequencing technologies, such as those using

nanopores. 

Although functional metagenomics offers theoretical advan-

tages, such as more fine-grained modelling and reduced redun-

dancy, it s perf ormance in this study w as inconsistent. Func tional

metagenomics did not clearly outperform taxonomic metage-

nomics, which in turn did not consistently perform better than 16S

rRNA amplicon sequencing. Based on these r esult s, me tagenomic

sequencing appears to provide limited added value for routine

monitoring of biogas systems compared to amplicon sequencing.
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