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Abstract 24 

Background: The ability to quantitatively predict ecophysiological functions of microbial 25 

communities provides an important step to engineer microbiota for desired functions related to 26 

specific biochemical conversions. Here, we present the quantitative prediction of medium-chain 27 

carboxylate production in two continuous anaerobic bioreactors from 16S rRNA gene dynamics 28 

in enriched communities. 29 

Results: By progressively shortening the hydraulic retention time (HRT) from 8 days to 2 days 30 

with different temporal schemes in two bioreactors operated for 211 days, we achieved higher 31 

productivities and yields of the target products n-caproate and n-caprylate. The datasets 32 

generated from each bioreactor were applied independently for training and testing machine 33 

learning algorithms using 16S rRNA genes to predict n-caproate and n-caprylate productivities. 34 

Our dataset consisted of 14 and 40 samples from HRT of 8 and 2 days, respectively. Because of 35 

the size and balance of our dataset, we compared linear regression, support vector machine and 36 

random forest regression algorithms using the original and balanced datasets generated using 37 

synthetic minority oversampling. Further, we performed cross validation to estimate model 38 

stability. The random forest regression was the best algorithm producing more consistent results 39 

with median of error rates below 8%. More than 90% accuracy in the prediction of n-caproate 40 

and n-caprylate productivities was achieved. Four inferred bioindicators belonging to the genera 41 

Olsenella, Lactobacillus, Syntrophococcus and Clostridium IV suggest their relevance to the 42 

higher carboxylate productivity at shorter HRT. The recovery of metagenome-assembled 43 

genomes of these bioindicators confirmed their genetic potential to perform key steps of 44 

medium-chain carboxylate production. 45 
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Conclusions: Shortening the hydraulic retention time of the continuous bioreactor systems 46 

allows to shape the communities with desired chain elongation functions. Using machine 47 

learning, we demonstrated that 16S rRNA amplicon sequencing data can be used to predict 48 

bioreactor process performance quantitatively and accurately. Characterising and harnessing 49 

bioindicators holds promise to manage reactor microbiota towards selection of the target 50 

processes. Our mathematical framework is transferrable to other ecosystem processes and 51 

microbial systems where community dynamics is linked to key functions. The general 52 

methodology used here can be adapted to data types of other functional categories such as genes, 53 

transcripts, proteins or metabolites. 54 

 55 

Keywords: Predictive biology, carboxylate platform, model ecosystems, reactor microbiota, 56 

microbial chain elongation 57 

 58 

Background 59 

 60 

Microbes form complex communities that play essential roles in ecosystem functioning. 61 

Identifying bioindicators derived from community analysis and using them to predict process 62 

performance may delineate potential cause-effect relationships with ecosystem functioning [1,2]. 63 

The knowledge gained from prediction can be used to generate hypotheses on the role of key 64 

species. At ecosystem level, designing effective control strategies for key species holds promise 65 

to manage the community towards selection of the target processes, which is crucial for 66 

microbiota-based biotechnologies [3–5]. 67 

Our goals were to investigate how environmental manipulations affect ecosystem functioning 68 
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and to predict performance metrics of the quantifiable biological processes by following 69 

microbial community dynamics. Model ecosystems offer the opportunity to link microbial 70 

diversity and ecosystem functioning in a quantifiable and predictable way [6–8]. Such simplified 71 

ecosystems can be still complex regarding microbial interactions and involved metabolic 72 

processes [6]. Here, we used anaerobic fermentation reactors as model ecosystems and 73 

considered microbial chain elongation (CE) as the quantifiable model ecosystem process. CE is a 74 

microbial process that produces medium-chain carboxylates (6 to 8 carbon atoms) through 75 

reverse β-oxidation [9]. Recently we enriched a mixed culture that produces n-butyrate (C4), n-76 

caproate (C6) and n-caprylate (C8) from xylan and lactate in a daily-fed reactor system [10], to 77 

simulate the feedstock conditions of anaerobic fermentation of ensiled plant biomass [11]. For 78 

this bioprocess to be viable, it needs to include diverse functions such as xylan hydrolysis, xylose 79 

fermentation and CE with lactate as electron donor. Mixed culture fermentation is characterised 80 

by different trophic groups that may cooperate or compete with each other to metabolise 81 

complex substrates [9]. Species involved in these interactions can drive shifts in community 82 

structure and function [1]. During the long-term stable reactor operation, the community 83 

developed towards predominating C4 and biomass production at the cost of C6/C8 production 84 

[10]. The current study was conducted on the enriched chain-elongating microbiota in two 85 

parallel bioreactors, in order to explore how process parameter changes shape the existing 86 

microbiota to optimise the process towards the target products C6 and C8. To promote C6 and 87 

C8 production and enrich the functional groups relevant to process performance, we reduced the 88 

hydraulic retention time (HRT). HRT refers to the average time soluble compounds reside in the 89 

bioreactor. Shortening the HRT is a common operation-based strategy for increasing C6/C8 90 

production [12–16] and a key factor influencing microbial diversity [17]. It is relevant to the 91 
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microbial growth rate in reactors without biomass retention, and it affects biomass concentration 92 

and community composition [18]. Following variations in diversity induced by HRT reduction, 93 

we tested if productivity and yield of the target products (C6 and C8) could be predicted by using 94 

machine learning. To provide insight into the dynamics of community structure and function, we 95 

measured process performance and collected samples for community analysis using high-96 

throughput sequencing of the 16S rRNA gene. Community analysis using 16S rRNA amplicon 97 

sequencing data combined with environmental variables can reveal relationships between 98 

microbial communities and ecosystem functioning. For example, Werner et al. demonstrated 99 

strong relationships between the phylogenetic community structure, reflected by time-resolved 100 

16S rRNA amplicon data, and the methanogenic activity in full-scale anaerobic digesters, by 101 

applying constrained ordination [19].  102 

Predictive analytics using machine learning has shown promise in microbiota-based 103 

biotechnologies [6,20,21]. Identification of bioindicators based on microbial community data is 104 

an important application of machine learning predictive models [22]. Different machine learning 105 

algorithms, such as linear regression [23], support vector machine [24] and random forest 106 

regression [25] have been used in microbiome studies. Our machine learning analysis consisted 107 

of the identification of the Amplicon Sequence Variants (ASVs) that were relevant to community 108 

dynamics caused by HRT reduction and the prediction of C6/C8 production based on the 109 

selected ASVs (hereafter, HRT bioindicators). To determine the HRT bioindicators heuristically 110 

we used the ASVs as features to predict the target HRT. We first used the microbiome automated 111 

machine learning pipeline (hereafter, mAML) [26] to test several different algorithms on our 112 

dataset for microbiome-based classification tasks. Once we had prediction accuracies from the 113 

different tested algorithms, we selected the algorithm with the highest prediction accuracy that 114 
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can rank feature relevance. Since we want to gain insight into our data via the learned 115 

relationship between feature and target variable, it is crucial that the selected algorithm for 116 

suggesting bioindicators not only demonstrates high prediction accuracies but also is 117 

interpretable and can rank feature relevance. After determining the HRT bioindicators, we 118 

created C6/C8 production regression models using the selected ASVs. It is important to mention 119 

that our dataset is imbalanced regarding the number of samples from the different HRT. The 120 

dataset consists of 54 samples: 14 from HRT 8 days and 40 from HRT 2 days. Imbalanced 121 

datasets can create a bias to the learning task, prioritising the prediction of the majority target. 122 

Consequently, for the creation of the C6/C8 production regression model, we also determined the 123 

differences in the predictive performance of the original (unbalanced) datasets and of datasets 124 

that were balanced by oversampling to verify if our models can handle the imbalance found in 125 

our data. Finally, we used k-fold cross-validation to estimate the stability of the model. 126 

 127 

Results 128 

 129 

Effects of HRT decrease on process performance and microbial diversity. The progressive 130 

HRT decrease from 8 to 2 days increased the C6 and C8 productivities and yields in two 131 

independent bioreactors (Figure 1). We first shortened the HRT to 6 days and then to 4 days in 132 

bioreactor A, which allowed the reactor microbiota to adapt to the new conditions and improved 133 

productivities of C4, C6 and C8 (Figure 1a). Further HRT decrease to 2 days confirmed the 134 

increasing trend in productivity. At the end of the 2-day HRT period in bioreactor A, we 135 

achieved the highest productivities (mmol C L-1 d-1) of C4, C6 and C8 up to 115.0, 64.1 and 5.9, 136 

respectively. To confirm the observed effects of HRT shortening on the CE process and reactor 137 
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microbiota, we executed a fast transition mode in bioreactor B and generated a different dataset 138 

from the parallel system. Comparable increases in productivity were observed (Figure 1b). We 139 

obtained maximum productivities (mmol C L-1 d-1) of C4 up to 102.4, C6 up to 62.9 and C8 up to 140 

7.0. The C6 and C8 yields (in terms of C mole product to consumed substrate ratio) increased 141 

along with decreasing HRT at the cost of C4 yield (Figure 1 and Additional file 1: Table S1). 142 

Our results suggest that the shorter HRT favoured lactate-based CE producing C6 and C8 over 143 

C4 production. C4 can be produced by CE of acetate but also from sugars by butyric acid 144 

fermentation [27]. In both bioreactors at 2-day HRT, a temporary accumulation of lactate was 145 

observed that coincided with fluctuations of the C4, C6 and C8 production (Figure 1a). Lactate 146 

concentrations were negatively correlated with C4 concentrations (Spearman Rho = -0.90, P < 147 

0.05) and C6 concentrations (Rho = -0.89, P < 0.05), which reflects how lactate was produced 148 

and converted by the reactor microbiota. The HRT reduction resulted in higher gas production 149 

and hydrogen content (Additional file 1: Figure S1). Besides, an increase in cell mass production 150 

(Additional file 1: Figure S2) suggests a facilitating effect of short HRT on the growth of 151 

enriched populations with desirable activities, i.e., more biocatalysts were available in the high 152 

C6/C8 production phase. 153 

Decreasing the HRT affected the composition and diversity of the reactor microbiota. Changes in 154 

the relative abundance of ASVs categorised from phylum to genus between the HRT of 8 days 155 

and 2 days are shown in Additional file 1 (Figure S3). Alpha diversity metrics showed 156 

significantly lower observed ASV counts (pairwise t-test, P < 0.05) and higher Shannon index 157 

values (pairwise t-test, P < 0.05) for HRT of 8 days compared with 2 days (Additional file 1: 158 

Figure S4). Beta diversity analysis revealed a significant difference between the communities at 159 

different HRTs (PERMANOVA; Pseudo-F = 103.1, P < 0.001) but no significant difference 160 
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between the communities in both reactors at the same HRT (Pseudo-F = 3.3, P > 0.05) 161 

(Figure 2). 162 

 163 

Selection of HRT bioindicators. To determine HRT bioindicators, we used HRT of 8 days and 164 

2 days as classes and relative abundances of ASVs as features. To choose the most fitting 165 

machine learning algorithm for our dataset, different algorithms integrated into the mAML 166 

automated machine learning pipeline [26] were tested heuristically. We selected random forest 167 

since it can rank feature relevance and it showed the highest prediction accuracies during the 5-168 

fold cross-validation process (Additional file 2). We measured the prediction strength of our 169 

models in two folds. First, we trained the models using the data from bioreactor A and then 170 

tested them using bioreactor B. After we trained the models using the data from bioreactor B and 171 

tested them using bioreactor A. We selected the 15 top-ranked ASVs that gave the best 172 

discrimination between the HRT phases, based on higher than 1% of the mean decrease in Gini 173 

scores for both reactors in the prediction accuracy of HRT. The 15 most relevant ASVs to 174 

identify HRT changes were defined as “A- or B-HRT bioindicators”, potentially reflecting the 175 

key species correlating with HRT changes in either bioreactor (feature importance in Figure 3). 176 

The two bioreactors shared 11 HRT bioindicators assigned to nine different genera. 177 

 178 

Prediction of process performance. To answer the question whether HRT bioindicators can be 179 

used to predict process performance in terms of C6 and C8 productivity, we performed a 180 

regression analysis. We created regression models using the dataset with the original distribution 181 

of samples, i.e., 14 samples from HRT 8 days and 40 samples from HRT 2 days, equally divided 182 

among the two different bioreactors. We also created regression models using artificially 183 
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balanced datasets. We used the Synthetic Minority Oversampling Technique (SMOTE) method 184 

to oversample the training datasets to have 100 samples with a balanced distribution of the two 185 

HRT classes. The datasets from bioreactors A and B were trained and tested independently. 186 

Consequently, we had the following experimental configuration: models were trained with the 187 

original dataset from bioreactor A/B and tested with the samples from bioreactor B/A; models 188 

were trained with the oversampled dataset from bioreactor A/B and tested with the samples from 189 

bioreactor B/A. Finally, all created models were evaluated with 5-fold cross-validation. 190 

HRT bioindicators were first chosen as features to train the models. Considering that community 191 

assembly is affected by time, we then determined the 15 ASVs most relevant to each non-HRT 192 

process parameter (i.e., concentrations of lactate, C4, C6 and C8; productivities and yields of C4, 193 

C6 and C8; hereafter, non-HRT bioindicators). Initially, we trained regression models using 194 

three different machine learning algorithms: linear regression algorithm, support vector machine 195 

with radial kernel, and random forest for regression. We used root mean squared errors (RMSE) 196 

as the evaluation metric, and the results are visualised as boxplots in Additional file 1 (Figure S5 197 

for the HRT bioindicators and Figure S6 for the non-HRT bioindicators). The random forest 198 

regression algorithm performed overall better than linear regression and support vector machine 199 

with radial kernel. When using the HRT bioindicators as features for the regression, the random 200 

forest algorithm had the lowest RMSE median in 7 out of the 8 tested configurations, as shown 201 

in Additional file 1 (Figure S5). In addition, the model trained with random forest showed 202 

consistency when comparing its performance in the original and the balanced datasets, which 203 

indicates that this algorithm is able to handle the imbalance present in our dataset. Therefore, the 204 

random forest for regression algorithm was selected as the best algorithm to determine HRT 205 
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bioindicators. In our case, random forest could explain more than 80% of the variance in C6 and 206 

C8 productivities (Additional file 1: Tables S2-S3). 207 

Using the selected random forest for regression algorithm, we evaluated its prediction 208 

performance by comparing the predicted and measured values of process parameters. The 209 

average relative root mean square error (RRMSE) for the predictions made using the HRT 210 

bioindicators was 4.6% (Figure 4), and the average RRMSE for the predictions made using the 211 

non-HRT bioindicators was 5.8% (Additional file 1: Figure S7). We further tested samples in all 212 

HRT phases with HRT and non-HRT bioindicators. The C6 and C8 predicted productivities in 213 

all cases showed RRMSE below 7.2% (Additional file 1: Figures S8 and S9). Therefore, we 214 

considered HRT bioindicators irrespective of time as the ASVs presented in HRT bioindicators 215 

and not in non-HRT bioindicators (feature importance in Additional file 1: Figures S10 and S11). 216 

Interestingly, the same four ASVs assigned to the genera Olsenella, Lactobacillus, 217 

Syntrophococcus and Clostridium IV were identified for C6 and C8 productivity (Figure 5). We 218 

thus hypothesise that species represented by these four ASVs determined the increased C6/C8 219 

productivities in the CE process manipulated by changing operational conditions, i.e. shortening 220 

the HRT. 221 

 222 

Functional role of HRT bioindicators. Genomic information on the species of HRT 223 

bioindicators indicated their roles in driving the catabolism of xylan and lactate to C6/C8 (Figure 224 

6). Among 108 metagenome-assembled genomes (MAGs; dereplicated into 29 species; Figure 7 225 

and Additional file 3), we recovered 12 species with similar phylogenies as the four genera 226 

representing the HRT bioindicators (Table 1). In view of the fermentation process, we annotated 227 

the genetic potential for xylan hydrolysis, xylose fermentation and CE with lactate (Additional 228 
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file 1: Figure S12 and Additional files 4-7). Specifically, Clostridium IV species were reported as 229 

lactate-based chain-elongating bacteria [28]. Our results suggest that four Clostridium IV species 230 

(Acutalibacteraceae spp. according to GTDB-Tk) can convert lactate to C6/C8. Two 231 

Syntrophococcus species (Eubacterium_H spp. according to EZBioCloud [29]) are potential 232 

C6/C8-producers as they hold complete gene sets encoding enzyme complexes that catalyse CE 233 

reactions. This genetic potential was also found in genomes of closely related Syntrophococcus 234 

species (Eubacterium cellulosolvens according to EZBioCloud; Additional file 7), which was not 235 

described before. Lactate formation from xylose by lactic acid bacteria can enhance CE by 236 

providing additional electron donors [30–34]. A recent study reported an enriched community 237 

dominated by Lactobacillus and chain-elongating species, and their co-occurrence suggested 238 

lactate produced by Lactobacillus to be a key intermediate for C6/C8 production [35]. Network 239 

analysis of our previous study [10] revealed the co-occurrence of Olsenella with potential chain-240 

elongating species. Species of Lactobacillus and Olsenella are potential xylose-consuming 241 

lactate producers (Figure 6b). Genes encoding xylanases were not found in Lactobacillus MAGs 242 

but in those assigned to other bioindicators (Figure 6a). Taken together, the delineated synergy 243 

effects between these bioindicator species suggest a division of labour with mutual benefits, 244 

converting xylan and lactate to C6/C8. A correlation network shows HRT, C6 and C8 245 

productivity being the most highly connected nodes (Additional file 1: Figure S13). Their co-246 

occurrence with ASVs assigned to Clostridium IV, Olsenella and Syntrophococcus indicates 247 

strong associations among these taxa, the changed environment and corresponding functions. 248 

The predictability of C6 and C8 productivities was relatively poor when using only the four HRT 249 

bioindicators irrespective of time (Additional file 1: Figure S14). Besides, we found redundancy 250 

in the main functions of catabolising xylan and lactate to C4, C6 and C8 (Figure 6), with the 251 
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relevant HRT bioindicators increasing in relative abundances (Additional file 1: Figure S15). 252 

Thus, the involved metabolic pathways seem to be strongly coupled to HRT decrease. The 253 

genetic potential overlaps with that of other distinct taxa of the reactor microbiota, suggesting 254 

that HRT bioindicators might be key species of the process, but ecological interactions with 255 

other species are critical to ensure the C6/C8 production (functional annotations of xylose 256 

fermentation and chain elongation in Additional files 6-7). 257 

 258 

Discussion 259 

 260 

Bioreactor performance and community dynamics. Continuous reactor systems maintain 261 

cultures in a specific growth rate and physiological state [36]. Therefore, these systems are 262 

perfect for the exploration of CE as a biotechnological platform for continuous production of 263 

medium-chain carboxylates [9]. In this study, we used continuous anaerobic bioreactors with the 264 

enriched chain-elongating microbiota [10] as model ecosystems. Two reactors were operated in 265 

parallel starting from one inoculum, thus representing biological replicates, and with frequent 266 

sampling over 211 days. We demonstrated that shortening the HRT from 8 to 2 days improved 267 

C6/C8 productivity and caused specific shifts in the microbial community in both reactors 268 

independently of the temporal scheme applied for HRT reduction (i.e. gradual decrease vs. fast 269 

transition mode). As we had stable biomass concentrations and detected certain species at all 270 

times, we can make sure that these species were growing in each bioreactor since otherwise they 271 

would have been washed out from the reactor microbiome. Using multivariate analysis, we 272 

demonstrated that the microbial communities established at 8 days HRT were different from 273 

those at 2 days HRT. These analyses also showed that the microbial communities sampled from 274 
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the two reactors at the corresponding HRT regime were not significantly different 275 

(PERMANOVA, P < 0.05). Commonly only two lab-scale reactors are run in parallel for such 276 

long-term experiments with complex reactor microbiomes [35,37–40]. In contrast to natural 277 

ecosystems with their spatial and temporal heterogeneities and uncontrollable environmental 278 

factors, bioreactors represent highly controlled model ecosystems that can be sampled at high 279 

frequency over long experimental periods, thereby accounting for stochastic effects despite the 280 

comparably low number of biological replicates. The obtained time series data are robust and 281 

have been used, for instance, to explore pH effects on the CE process [41] and to unravel long-282 

term successional patterns of community assembly in anaerobic processes [42]. 283 

 284 

Evaluation of the machine learning approach. Machine learning methods can simultaneously 285 

incorporate the relative abundances of multiple ASVs and their context-dependency, surpassing 286 

traditional statistical approaches that consider each ASV in isolation (e.g., the empirical Bayes 287 

moderated t-statistics) [43]. Multivariate analysis has been shown to enable superior performance 288 

compared to individual analysis in the context of sensitivity, specificity, and robustness, as it 289 

considers potential synergies between the features [44]. Therefore, we used a machine learning 290 

approach based on the retrieved 16S rRNA ASVs in two steps of the study: to identify potential 291 

bioindicators of HRT, and to create predictive models of n-caproate and n-caprylate 292 

productivities.  293 

For the identification of potential bioindicators, it is necessary to assess the value of the features 294 

from the microbiome in an unbiased way – identifying not only their statistical significance but 295 

also their prediction accuracy on independent samples [45]. Consequently, to increase the 296 

generality of our approach and to reduce any potential bias present in the samples, we 297 
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systematically used samples from one bioreactor for training the machine learning models while 298 

using the samples from the other bioreactor for testing the model. On the other hand, deploying a 299 

machine learning solution is not trivial. To avoid over-optimistic results, it is important to 300 

consider the distribution and format of the training data as well as the intrinsic differences of the 301 

algorithms themselves [46]. 302 

When searching for the optimal manner of dealing with our data, we faced two potential 303 

problems: our dataset class distribution is imbalanced concerning the HRT classes (40 samples 304 

from 2 days HRT and 14 samples from 8 days HRT), and the total number of samples we have, 305 

which is 54, may be limiting to train a robust model. Most machine learning algorithms evaluate 306 

themselves during the learning process by comparing the predicted target with the original 307 

labelled sample. This creates a bias in the algorithms towards the majority target [47]. In 308 

addition, training models with small datasets may create overfitted models that are overly 309 

sensitive to outliers and noise. In this work, we tackled the imbalance and the limited number of 310 

samples in our data by pre-processing our dataset to generate new samples using the SMOTE 311 

method. 312 

Finally, a validation strategy was also integrated into our machine learning pipeline. Validation 313 

is one of the most important techniques when creating a generalised model since it estimates the 314 

stability of the model when dealing with new data. The validation approach we used is the k-fold 315 

cross-validation. The general idea of using k-fold cross-validation was to train our model with a 316 

selected group of samples from our data and validate it with the remaining samples, rotate the 317 

training and validation groups k times until we used all samples to train a model, and all samples 318 

to validate a trained model. By letting us use all the data to train different models, this approach 319 

provides much more confidence in the results [48]. 320 
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Initially, we wanted to determine potential HRT bioindicators. Therefore, the initial step of our 321 

machine learning pipeline was to heuristically try several different classification algorithms to 322 

determine which of them can better differentiate 2 days HRT and 8 days HRT. To do so, we used 323 

the mAML pipeline to systematically create classification models using several tree-based and 324 

non-tree-based classifiers. Most of the algorithms had more than 90% classification accuracy. 325 

This indicates that the microbiome composition of 2 days HRT and 8 days HRT should be 326 

considerably different, and thus directly divisible. To select an algorithm, however, we also 327 

considered the ability of the algorithm to rank feature relevance, since we wanted to select the 328 

most important ASVs to differentiate the target HRT. Random forest has been shown to run 329 

efficiently and accurately on high-dimensional datasets with multi-features by constructing an 330 

ensemble of decision trees [49]. Further, it avoids overfitting through the integration of out-of-331 

bag estimates [49]. Finally, other studies that used 16S rRNA sequencing data in machine 332 

learning solutions also reported random forest to show good prediction performance [43,50,51]. 333 

For these reasons, we selected the random forest algorithm to extract HRT bioindicators.  334 

Once we selected the potential HRT bioindicators, we wanted to develop regression models to 335 

predict n-caproate and n-caprylate productivities. Our machine learning solution for creating the 336 

regression models attempts to take into consideration all the potential problems mentioned (i.e., 337 

selecting an adequate algorithm, dealing with an imbalanced dataset and potentially insufficient 338 

number of samples, avoiding overfitting, and increasing the generality of the model). We 339 

evaluated three different regression algorithms with different biases: linear regression, support 340 

vector machine, and random forest regression algorithm. In all cases, we balanced our dataset 341 

and increased the number of samples using the SMOTE technique. Boxplots were created to 342 

visually interpret the results of the 5-fold cross-validation.  343 
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For comparing the results from the models created with the original and balanced datasets, for 344 

instance comparing Figure S5a and S5b, we can see that the RMSEs of the models trained with 345 

the balanced datasets are lower than the ones trained with the original dataset. This indicates that 346 

balancing and increasing the number of samples in our dataset generated a more precise and 347 

stable prediction model, being more suitable for predictions of new data. In addition, the random 348 

forest regression produced more consistent results with lower error rates when compared with 349 

the other algorithms. Thus, we selected random forest regression to generate our predictive 350 

models, as it has shown to better handle imbalance issues and being more stable across the tests. 351 

However, random forest is not the only machine learning algorithm used for predictive analytics 352 

in microbiome studies. For example, with an integration of the phylogenetic tree information into 353 

the predictive framework, the recently proposed phylogeny-regularised sparse generalised linear 354 

model [52] and regression model [53] showed superior prediction power in real microbiome 355 

dataset applications. By using human gut microbiome data for continuous age prediction, the so-356 

called glmmTree model achieved the best performance as indicated by the highest R2 of 70% and 357 

the lowest predicted mean square error of a median value 1.3, with a 5-fold cross validation 358 

being applied [52]. The random forest algorithm used in this study achieved results comparable 359 

to the glmmTree model with R2 over 80%.  360 

 361 

Function of bioindicator species in chain elongation. Mining the functional potential of MAGs 362 

affiliated to bioindicators may indicate key functions of these species in the CE process. In 363 

particular the MAGs of the lactate-based CE species such as Clostridium IV revealed all genes 364 

necessary for lactate oxidation and CE by reverse β-oxidation. To validate this hypothesis, we 365 

also annotated the genome of the chain-elongating Ruminococcaceae bacterium CPB6 affiliated 366 
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to Clostridium IV [28], which contained complete gene sets encoding enzyme complexes for 367 

converting lactate to C6. Interestingly, our results revealed novel species with the genetic 368 

potential for chain elongation. Our results may guide other researchers studying CE to 369 

characterise novel chain-elongating bacteria in previously reported CE microbiomes.  370 

Here we used metagenomics to unravel the function of key species in CE that were inferred from 371 

16S rRNA sequencing data. This is more reasonable than inferring the function of species only 372 

based on the 16S rRNA sequencing data, but the genetic potential alone does not guarantee that 373 

the respective metabolic process is actually performed [54]. Therefore, follow-up studies 374 

involving multi-omics are necessary to verify if the genetic potential found in the MAGs 375 

corresponds with active pathways. Beside multi-omics experiments, the novel genetic 376 

information related to the CE process could be validated in wet-lab experiments using defined 377 

mixed cultures of isolated strains representing the bioindicator species [55]. By constructing 378 

synthetic microbial consortia with different combinations of those representative bioindicator 379 

species and monitoring their growth and metabolic behaviour under controlled conditions, 380 

mechanistic and metabolic modelling could be used to verify the ability of our machine learning 381 

framework to predict ecophysiological functions from 16S rRNA sequencing data. 382 

 383 

Engineering microbial communities for bioprocesses with distributed pathways. In 384 

engineered and natural ecosystems, phylogenetic diversity can be linked to ecosystem processes 385 

in which microbial communities perform key functions [56]. The machine learning approach 386 

used in the current study enabled the quantitative prediction of community functioning (i.e., CE) 387 

in the anaerobic bioreactor system (Figure 8). Converting xylan and lactate to medium-chain 388 

carboxylates is a complex metabolic process consisting of mainly four functions, i.e. xylan 389 
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hydrolysis, xylose fermentation, C4 formation from lactate and acetate, and CE with lactate 390 

producing C4, C6 and C8, with more than 30 enzymes being involved. We showed that 391 

alternative pathways can be used for this complex conversion (Additional file 1: Figure S12). 392 

Because of this complexity, it is likely that the observed increase in C6/C8 productivity after 393 

shortening HRT from 8 to 2 days was not driven by a single microorganism but by the joint 394 

effort of multiple species within our bioreactors. However, not all species in the bioreactor were 395 

directly involved in CE. Our feature selection approach helped us identify the species linked to 396 

metabolic pathways potentially involved in CE. This was possible because we included 397 

quantitative metadata such as time series data of substrate and product concentrations, which 398 

facilitated to filter species linked to the CE process. A similar analysis identified key species that 399 

could predict the overall quality of soils [25]. In the latter study, the authors showed that using 400 

the indicators of soil bacterial community associated to metadata of soil physicochemical 401 

variables facilitated to predict the soil quality with 50–95% accuracy [25]. 402 

We also provided new biological insights into the reactor microbiomes of lactate-based CE. The 403 

importance of in situ lactate formation in the lactate-based CE process has been emphasised by 404 

several studies [30–35]. Our results indicated that species of the genera Lactobacillus and 405 

Olsenella were potential xylose degraders but Lactobacillus cannot utilise the polysaccharide 406 

xylan due to the lack of genes encoding xylanases. This result indicates different functional roles 407 

of lactic acid bacteria in the degradation of biomass residues containing hemicellulose, which 408 

was reported to be more degradable than cellulose during acidogenic fermentation of maize 409 

silage [57]. These new insights into the microbial ecology of the CE process may open doors for 410 

further valorisation of carbohydrate-rich waste streams. For example, bioaugmentation of xylan-411 

hydrolysing lactic acid bacteria such as Olsenella species in CE communities may optimise the 412 
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breakdown of hemicellulosic compounds. In addition, we demonstrated that C4 is not only 413 

produced by CE of acetate but also from xylose by butyric acid fermentation [27], which 414 

competes with CE in the recovery of carbon from sugars. This xylose fermentation to C4 was 415 

also described as competing process in other CE studies [10,58]. Currently it is still a challenge 416 

to steer the CE community functioning to only medium-chain carboxylates in the mixed culture 417 

fermentation, but the direction of creating synthetic microbial consortia with modularity (e.g., 418 

spatial niches) could be a wise option to mediate a multi-step bioprocess and to utilise metabolic 419 

diversity in any single reactor system [59]. 420 

In our engineered ecosystems with well-controlled conditions (temperature, pH and no 421 

immigration of other microbes; Figure 8a), HRT was the most influencing factor controlling 422 

community assembly (Figure 8b). However, we cannot exclude the impact of other deterministic 423 

factors like microbial interactions within temporal patterns, particularly for such a long-term 424 

reactor experiment. When the random forest regression models took time instead of HRT into 425 

account, the results indicated that the non-HRT bioindicators might result from the intrinsic 426 

community dynamics alone. Thus, prediction results of the HRT bioindicators can be biased by 427 

these autoregressive data present in time series. Even though the HRT bioindicators irrespective 428 

of time seem to be key species for the increase in C6/C8 productivity caused by HRT decrease, 429 

we cannot ignore the contribution of the non-HRT bioindicators to community assembly and 430 

functioning, particularly with functional redundancy shown in the main functions of the CE 431 

process. Therefore, effects of compositional stochasticity on community assembly also need to 432 

be considered [60,61]. Further studies on these ecological principles will help manage reactor 433 

microbiota towards beneficial traits, such as high specificities for C6/C8 production. 434 

 435 
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Conclusions 436 

 437 

The continuous reactor systems with enriched communities facilitated the selection of reactor 438 

microbiomes with desired CE functions (i.e., high C6 and C8 productivities). We demonstrated 439 

that 16S rRNA amplicon sequencing data can be used to predict CE process performance 440 

quantitatively (> 90% accuracy). The described machine learning framework (Figure 8c) may be 441 

suitable for other ecosystem processes and more complex communities. For that, it would be 442 

necessary to design experiments with (i) sufficient temporal and/or spatial resolution, (ii) parallel 443 

sampling for amplicon sequencing data and metadata from desired ecosystem processes, and (iii) 444 

correlation of phylogenetic diversity with the ecosystem processes. Our approach was based on 445 

phylogenetic diversity (relative ASV abundances) that in some ecosystems may correlate with 446 

ecosystem processes where microbiota perform key functions. Due to the use of unbalanced 447 

datasets, the high dimensionality and more direct link with different ecosystem processes found 448 

in omics data, our general methodology can be adapted to other data types, including functional 449 

genes, transcripts, proteins or metabolites. Our approach opens new doors for prediction and 450 

hypothesis testing in microbiome research. Further studies are needed to reveal which data types 451 

reflect different ecosystem processes and communities with different levels of complexity. 452 

 453 

Methods 454 

 455 

Reactor operation and monitoring of process parameters and community composition. The 456 

inoculum was initially taken from a continuous lab-scale bioreactor that produced C6 and C8 by 457 

anaerobic fermentation of lactate-rich corn silage [11]. Enrichment was performed in a reactor 458 
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that was daily fed with mineral medium (pH 5.5; Additional file 1: Table S4) containing water-459 

soluble xylan (more than 95% xylooligosaccharides, from corncob; Roth, Karlsruhe, Germany) 460 

and lactic acid (85%, FCC grade; Sigma Aldrich, St. Louis, USA) as defined carbon sources and 461 

produced C4, C6 and C8 over 150 days [10]. For the present study, two 1-L bioreactors (A and 462 

B; BIOSTAT® A plus, Sartorius AG, Göttingen, Germany) were filled up with 0.5 L of the 463 

enriched culture. Both bioreactors were daily fed with 0.125 L medium containing 1.47 g lactic 464 

acid and 1.25 g xylan, without withdrawing effluent. After four days the contents of both 465 

bioreactors were mixed by pumping them three times from bioreactor A to B and back while 466 

keeping anoxic conditions. Eventually, they were equally distributed to both bioreactors, which 467 

is considered the starting point (day 0) of the experiment. 468 

We employed semi-continuous stirred tank reactors for anaerobic fermentation, which were 469 

operated at 38 ± 1°C and constantly stirred at 150 rpm. The pH of the reactor broth was 470 

automatically controlled at 5.5 by addition of 1 M NaOH. For each bioreactor, the produced gas 471 

was collected in a coated aluminium foil bag that also served for compensating underpressure in 472 

the reactor system. The bag was connected after a MilliGascounter® (MGC-1; Ritter, Bochum, 473 

Germany) that measured on-line the volume of the produced gas. A gas-sample septum was 474 

placed in the gas pipe of each bioreactor. 475 

In the beginning, both bioreactors were operated as duplicates with an equal HRT of 8 days. For 476 

daily feeding, 1.47 g lactic acid and 1.25 g xylan were supplied in mineral medium. After 51 477 

days, we gradually decreased the HRT of bioreactor A from 8 days to 6 days, and further to 4 478 

days and 2 days while operation of reactor B was continued at HRT of 8 days as a control as 479 

shown in Additional file 1: Table S5. Next, we shortened the HRT of bioreactor B from 8 days to 480 

2 days in a fast transition mode and with the same substrate load as in bioreactor A, in order to 481 
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reproduce the HRT transition in the second reactor. Considering the effect of time on community 482 

assembly, we conducted unequal HRT changes in the two bioreactors and aimed to delineate the 483 

model prediction strength with the two different datasets. Finally, both bioreactors were operated 484 

in parallel at an HRT of 2 days until day 211. 485 

Gas samples were taken through the septum twice per week. Samples for measuring optical 486 

density (OD) and for DNA extraction were collected twice per week from the reactor effluent. 487 

Concentrations of xylan, carboxylates and alcohols were measured in the effluent supernatants 488 

[10]. In total, effluent samples were collected on 59 time points for each bioreactor. At the 489 

beginning and the end of the experiment, pelleted biomass from the effluent was used to 490 

determine the cell dry mass as previously described [10]. For microbial community analysis, 491 

pelleted cells from 2 mL effluent were washed with 100 mM Tris-HCl pH 8.5 and stored 492 

at -20˚C until DNA extraction. 493 

 494 

Analytical methods. Daily produced gas volume was monitored with the MGC-1 and 495 

normalised to standard pressure and temperature [30]. Gas composition (H2, CO2, N2, O2 and 496 

CH4) was determined by gas chromatography in triplicate [62]. Concentrations of carboxylates 497 

and alcohols were analysed in triplicate by gas chromatography [10]. Concentration of xylan was 498 

measured by a modified dinitrosalicylic acid reagent method [10]. Cell mass concentration was 499 

calculated from OD values that were correlated with the cell dry mass [10]. The calculated mean 500 

correlation coefficients were 1 OD600 = 0.548 g L-1 for bioreactor A and 1 OD600 = 0.537 g L -
501 

1 for bioreactor B. 502 

 503 

Microbial community analysis. Total DNA was isolated from frozen cell pellets sampled twice 504 



23 

 

per week using the NucleoSpin® Microbial DNA Kit (Macherey-Nagel, Düren, Germany). 505 

Methods for DNA quantification and quality control were as described previously [63]. For high-506 

throughput amplicon sequencing, V3-V4 regions of the 16S rRNA genes were PCR-amplified 507 

using primers 341f and 785r [64]. Sequencing was performed on the Illumina Miseq platform 508 

(Miseq Reagent Kit v3; 2 × 300 bp). A total of 12,168,404 sequences ranging from 57,612 to 509 

389,963 pairs of reads per sample (mean: 135,205; median: 122,367) were obtained.  510 

The demultiplexed sequence data were processed with the QIIME 2 v2019.7 pipeline [65] using 511 

the DADA2 plugin [66]. The DADA2 parameters were set as follows: trim-left-f 0, trim-left-r 0, 512 

trunc-len-f 270, trunc-len-r 230, max-ee 2 and chimera-method consensus. A total of 4,194,700 513 

sequences ranging from 13,518 to 138,498 reads per sample were retained, with a mean of 514 

46,608 reads per sample. The generated feature table indicates the frequency of each ASV 515 

clustered at 100% identity. Taxonomic assignment was done with a naïve Bayes classifier trained 516 

on 16S rRNA gene sequences of the database MiDAS 2.1 [67], and curated using the RDP 517 

Classifier 2.2 with a confidence threshold of 80% [68]. For downstream analyses, ASVs of all 518 

samples were rarefied to a sequencing depth of 13,518 reads (rarefaction curve reached the 519 

plateau, Additional file 1: Figure S16). We obtained a total of 71 unique ASVs in 90 samples. 520 

Alpha diversity based on rarefied ASV data was evaluated by the observed ASV counts and the 521 

Shannon index [69], which were determined using the R package phyloseq v1.30.0 [70]. 522 

Dissimilarities in bacterial community composition (beta-diversity) were calculated using Bray-523 

Curtis distance [71] based on rarefied ASV abundances and visualised as nonmetric 524 

multidimensional scaling (NMDS) plots. Statistical analyses of beta-diversity results were 525 

performed using permutational multivariate analysis of variance (PERMANOVA) [72] in the R 526 

package “vegan” (v2.5.6, “adonis” function, Monto-Carlo test with 1000 permutations); P values 527 
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were adjusted for multiple comparisons using the false discovery rate (FDR) method [73]. 528 

 529 

Network analysis. The co-occurrence network analysis was performed using the method 530 

described by Ju et al. [74]. Briefly, we constructed a correlation matrix by computing possible 531 

pairwise Spearman’s rank correlations using the rarefied ASV abundances and abiotic 532 

parameters (HRT; concentrations of C4, C6, C8 and lactate; productivities and yields of C4, C6 533 

and C8). Correlation coefficients below -0.7 or above 0.7 and adjusted P-values (FDR method) 534 

lower than 0.05 were considered statistically robust. Network visualisation and topological 535 

features analysis were conducted in Gephi (v0.9.2) [75]. 536 

 537 

16S rRNA phylogenetic analysis. The 16S rRNA gene sequences of ASVs were aligned using 538 

the SINA alignment algorithm [76] via the SILVA web interface [77]. We additionally used 539 

SINA to search and classify the sequences with the least common ancestor method based on the 540 

SILVA taxonomy. For each query sequence, the minimum identity was set to 0.95 and the five 541 

nearest neighbours were considered. The tree was reconstructed based on the aligned sequences 542 

and their neighbours, with RAxML using the GTRCAT model of evolution. Later only ASV 543 

species of this study were kept in the generated tree for an easier viewing. The tree was 544 

visualised using iTOL [78]. 545 

 546 

Metagenomic analysis. Six samples from the enrichment period were selected for whole-547 

genome sequencing, which was performed by StarSEQ GmbH (Mainz, Germany) using the 548 

Illumina NextSeq 500 system (NEBNext Ultra II FS DNA library prep kit; 2 × 150 bp) with at a 549 

minimum of 20 million reads per library generated. Quality check and reads trimming were 550 
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performed using metaWRAP (v0.7, raw read QC module) [79] and TrimGalore (v0.4.3) [80]. 551 

Reads of human origin were discriminated from microbial reads using BMTagger (v3.101) [81]. 552 

All adapters were removed and the resulting reads were assembled using metaSPAdes (v3.11.1) 553 

[82]. Paired-end reads were aligned back to the assembly using BWA (v0.7.15, mem algorithm) 554 

[83]. Binning of assembled contigs was performed using the metaWRAP modules metaBAT 555 

(2.12.1) [84], MaxBin (2.2.4) [85] and CONCOCT (1.0.0) [86]. The metaWRAP-Bin_refinement 556 

module was applied to separate the overlaps between two bins. Quality of MAGs was checked 557 

using CheckM (v1.0.7) [87]. MAGs were classified in high or medium quality regarding 558 

completeness, contamination, quality score (completeness - 5 × contamination) and strain 559 

heterogeneity [88]. The following thresholds were used for high quality: quality score > 50, 560 

completeness > 80, contamination < 5 and strain heterogeneity < 50; and for medium quality: 561 

quality score > 50, completeness > 50 and contamination < 10. One bin with lower quality was 562 

removed from the analysis. The taxonomy was assigned using GTDB-Tk (v0.3.2) [89]. Genome 563 

metrics were calculated with the statswrapper tool in the BBTools suite [90]. A phylogenomic 564 

tree based on Mash distances was generated with Mashtree (V1.1.2) [91] and visualised in iTOL 565 

[78]. Miscellaneous visualisations of the dataset metrics were performed in R with the packages 566 

ggplot2 (v3.3.0) and DataExplorer (v0.8.1). Species differentiation was performed using fastANI 567 

[92] and aniSplitter.R (http://github.com/felipborim789/aniSplitter/). Genomes were annotated 568 

with Prokka (v1.14.6) [93]. Functional annotation of genes relevant to xylan hydrolysis, xylose 569 

fermentation and chain elongation was curated using Swiss-Prot, COG and GenBank [94–96]. 570 

Default settings were chosen for all tools unless otherwise specified. 571 

 572 

Determination of bioindicators of HRT changes. To select  the machine learning algorithm for 573 
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differentiating the HRT phases of 8 days and 2 days, the mAML automated machine learning 574 

pipeline [26] was used to heuristically test several different algorithms on our microbiome data. 575 

We selected the algorithm with the highest prediction accuracy that can rank feature relevance. 576 

ASV relative abundances were used as features to train and test the different classifiers included 577 

in the mAML pipeline. After the initial algorithm selection process, the random forest algorithm 578 

(randomForest R package, v4.6-14) [97] was chosen to determine the HRT bioindicators due to 579 

its high accuracy and ability to rank feature relevance. Considering how we replicated the HRT 580 

changing mode in both bioreactors (Additional file 1: Table S5), the whole operation period was 581 

divided into four sampling intervals: 0-50 days, 51-100 days, 101-140 days and 141-211 days. 582 

Based on the results of community analysis, we chose the ASV data of both bioreactors in the 583 

sampling intervals of 0-50 days and 141-211 days to determine the HRT bioindicators, and we 584 

used data of all samples in the four HRT phases as controls. To delineate the model prediction 585 

strength, we trained the classifier with ASV data of one bioreactor and tested in the other 586 

bioreactor and vice versa. For random forest classification analysis, importance of the different 587 

features (ASVs) was measured by the Gini index (mean decrease in Gini, default in 588 

randomForest R package; where larger values indicate a variable to be more important for 589 

accurate classification [98]). 590 

The random forest classifier was trained on the training set, with 2,000 trees and 40 variables 591 

(with lowest out-of-bag estimated error rates achieved) being selected randomly for each tree. 592 

Explained variance (% Var. explained in R) was used to measure the model performance on the 593 

training set [97]. We predicted the accuracy by measuring how well the features can classify the 594 

HRT phases on the test set [98]. We first computed the feature importance of all 71 ASVs. Then 595 

in each step, the ASVs having the smallest importance were eliminated and a new forest was 596 
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built with the remaining ASVs. For both bioreactors, the features were selected when their Gini 597 

scores were higher than 1% of the sum of the Gini scores of all ASVs (Additional file 1: Table 598 

S6). Feature selection based on the random forest classifier with its associated Gini index has 599 

shown abilities to identify optimal feature subsets in high-dimensional data [99]. Finally, we 600 

selected the 15 top-ranked ASVs leading to the model of smallest error rate for classifying the 601 

HRT phases of 8 days and 2 days. In each bioreactor, the 15 ASVs that best discriminated 602 

between HRT phases were referred to as A-HRT bioindicators or B-HRT bioindicators 603 

(bioreactors A and B, respectively). ASVs common to both sets were defined as HRT 604 

bioindicators (workflow of random forest classification in Additional file 1: Figure S17). 605 

 606 

Quantitative predictions based on HRT and non-HRT bioindicators. The data of bioreactor 607 

A and bioreactor B were used for training and testing the regression models independently. Due 608 

to the unbalanced ratio of HRT 8 days (14 samples with 26%) and HRT 2 days (40 samples with 609 

74%), we also created models using balanced training datasets. The artificially balanced datasets 610 

were created based on the HRT class information and using the SMOTE technique implemented 611 

in the R package UBL (v0.0.6) [100]. The balanced datasets had 52 and 48 samples for HRT 2 612 

days and 8 days, respectively. For the process parameters to be predicted, four training datasets 613 

were considered: only with samples from bioreactor A, only with samples from bioreactor B and 614 

the balanced version of these two datasets. Initially, three algorithms including linear regression, 615 

support vector machine with radial kernel and random forest for regression (implemented in R 616 

package ranger, v0.12.1) [101] were employed as a heuristic approach to evaluate their 617 

predictive performance based on the metric root mean square error. The training and 618 

benchmarking processes were performed using the R package mlr (v2.18.0) [102]. All 619 
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algorithms were validated using a 5-fold cross validation approach. We selected the algorithm 620 

presenting better overall prediction performance and trained it with another round of 5-fold cross 621 

validation. After, the random forest regression analysis was used to predict the process 622 

parameters specified as concentrations of lactate, C4, C6 and C8, and productivities as well as 623 

yields of C4, C6 and C8. Here, the relevance of the different ASVs to the prediction was 624 

determined by residual sum of squares (IncNodePurity, default in randomForest) for the 625 

regressions. Explained variance (% Var. explained in R) was used to measure the model 626 

performance on the training set [97]. We predicted the accuracy by measuring how well the 627 

features can explain the variance of these process parameters on the test set [98]. The 628 

hyperparameters of random forest trained models (e.g., number of trees) were tuned heuristically 629 

during cross validation. 630 

We performed the quantitative prediction by applying a two-step regression analysis with 5-fold 631 

cross-validation (workflow in Additional file 1: Figure S18). First, HRT bioindicators were used 632 

to predict the data of different process parameters in the sampling intervals of 0-50 days and 141-633 

211 days. Data of all samples in the four HRT phases were considered as controls. Relative 634 

abundance dataset of bioreactor A was used as training set and that of bioreactor B was used as 635 

test set and vice versa. Next, considering community assembly caused by time, we determined 636 

the ASVs (non-HRT bioindicators) that could predict the numeric values of each process 637 

parameter, using data of samples in the intervals of 0-50 days and 141-211 days. For each 638 

process parameter, we started with computing the feature importance of all ASVs and further 639 

selected the 15 top-rated ASVs as the bioindicators of this non-HRT parameter. Datasets of 640 

bioreactors A and B were independently used for training and testing. As controls, we used the 641 

non-HRT bioindicators of each parameter to predict the corresponding data of all samples in the 642 
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four HRT phases. The final set of ASVs presented in HRT bioindicators and not in non-HRT 643 

bioindicators were considered HRT bioindicators irrespective of time. 644 

 645 

Evaluation of prediction accuracy. When in both training sets the HRT bioindicators and non-646 

HRT bioindicators explained more than 80% of the variance in a process parameter, we 647 

proceeded only with those parameters. To compare the predicted and measured values for these 648 

process parameters, we considered the following performance metrics for reflecting the error of 649 

the model in predicting consecutive data: RRMSE, cutoff < 10%; R squared, slope and intercept 650 

of the least squares line of best fit. The final values of RRMSE were averaged among the 100 651 

random forest replicates, with four ASVs for HRT bioindicators and five for non-HRT 652 

bioindicators randomly sampled at each replicate. 653 
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Additional file 7: Dataset S5. Functional annotations of chain elongation for all MAGs. 1014 

 1015 

Figure legends 1016 

 1017 

Figure 1. Performance of bioreactors. Concentrations of chain elongation products and lactate, 1018 

as well as productivities and yields of chain elongation products in bioreactors A (a) and B (b) 1019 

during the four HRT phases. Chain elongation products: C4, n-butyrate; C6, n-caproate; C8, 1020 

n-caprylate. 1021 

 1022 

Figure 2. Dissimilarities in bacterial community composition (beta-diversity). Non-metric 1023 

multidimensional scaling (NMDS) based on Bray-Curtis dissimilarities of microbial community 1024 

composition in bioreactors. a, All samples in the four HRT phases were considered for 1025 

dissimilarity calculation. b, Samples in the 8-day HRT phase classified to the sampling interval 1026 

0-50 days and in the 2-day HRT phase classified to the interval 141-211 days were included. 1027 

 1028 

Figure 3. Random forest feature importance of ASVs used to classify the HRT phases (A-1029 

HRT bioindicators and B-HRT bioindicators). The top-ranked 15 ASVs reducing the 1030 

uncertainty in the prediction of HRT phases (HRT of 8 days and 2 days). The order of features 1031 

(from top to bottom) was based on their mean decrease in Gini scores, according to their ASV 1032 

abundances distribution, with HRT as the response variable. a, Feature importance of A-HRT 1033 
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bioindicators. The ASV importance was calculated using the relative abundance data of 1034 

bioreactor A as a training set and data of bioreactor B as a test set. b, Feature importance of B-1035 

HRT bioindicators. Similar to A-HRT bioindicators, ASV importance of B-HRT was calculated 1036 

using the relative abundance data of bioreactor B as a training set and data of bioreactor A as a 1037 

test set. The taxonomic classification of ASVs assigned at the genus level is provided in 1038 

parentheses. 1039 

 1040 

Figure 4. Prediction results of C6 and C8 productivities using HRT bioindicators. a,b, 1041 

Prediction performance of C6 productivity. c,d, Prediction performance of C8 productivity. 1042 

Results in a and c were obtained by using relative abundance data of bioreactor A for training the 1043 

model and data of bioreactor B for testing. Results using the data of bioreactor B for training and 1044 

bioreactor A for testing are shown in b and d. The red lines and grey shaded areas depict the 1045 

best-fit trendline and the 95% confidence interval of the least-squares regression, respectively. 1046 

C6, n-caproate; C8, n-caprylate; %Var., explains the variance (%) in C6/C8 productivity of the 1047 

training set; RRMSE, relative root mean square error. 1048 

 1049 

Figure 5. Phylogeny of HRT bioindicators and non-HRT bioindicators for considering 1050 

community assembly caused by time. a,b, A maximum likelihood 16S rRNA gene tree 1051 

showing the ASV species based on the rarefied sequencing data. ASVs are coloured according to 1052 

the class (a, first inner ring) and family (b, second inner ring). c, The third inner ring shows the 1053 

11 HRT bioindicators identified in both reactors for the prediction of HRT phases of 8 days and 1054 

2 days. The ASVs identified as HRT bioindicators are shown in bold. Their taxonomic 1055 

assignments at the genus level are provided in the legend. d, The four ASVs of HRT 1056 
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bioindicators irrespective of time are shown in red in the outer ring. The ASVs only present in 1057 

non-HRT bioindicators of C6/C8 productivity are shown in pink in the outer ring. e, Relative 1058 

abundance dynamics of HRT bioindicators during the whole reactor operation period. In the 1059 

legend, A and B stand for bioreactors A and B, respectively. The four ASVs (in bold) of HRT 1060 

bioindicators, irrespective of time, assigned at the genus level are indicated in parentheses. C6, n-1061 

caproate; C8, n-caprylate. 1062 

 1063 

Figure 6. Genetic potential of metagenome-assembled genomes (MAGs) with the same 1064 

taxonomy as HRT bioindicators driving the catabolism of xylan and lactate to n-caproate 1065 

and n-caprylate. These catabolic steps were categorised into four main functions of the 1066 

anaerobic mixed culture fermentation. a, Hydrolysis of xylan. b, Xylose fermentation producing 1067 

acetate and lactate. c, Butyrate formation from lactate and acetate. d, Chain elongation with 1068 

lactate as electron donor producing n-butyrate, n-caproate and n-caprylate. Numbers represent 1069 

the 18 different MAGs with similar phylogenies as the HRT bioindicators at the genus level 1070 

(details in Table 1). The enzyme abbreviations are provided in red letters next to the pathways 1071 

(solid lines). Dashed lines represent multi-enzyme reactions between the two indicated 1072 

molecules. In (d), “cycle” refers to the reverse β-oxidation cycle. The complete metabolic 1073 

pathways are depicted in Additional file 1: Figure S12. un., unclassified; XL, xylanase (EC 1074 

3.2.1.8); XylT, xylose transporter (EC 7.5.2.10, EC 7.5.2.13); LacP, lactate permease (TC 1075 

2.A.14); CoAT, butyryl-CoA:acetate CoA-transferase (EC 2.8.3.-); PTB, phosphate 1076 

butyryltransferase (EC 2.3.1.19); BUK, butyrate kinase (EC 2.7.2.7); ACT, acyl-CoA 1077 

thioesterase (EC 3.1.2.20). 1078 

 1079 

Figure 7. Phylogenetic tree of the recovered metagenome-assembled genomes (MAGs). a,b, 1080 
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A phylogenomic tree based on mash distances showing the MAGs taxonomy determined by 1081 

GTDB-Tk at phylum (a) and family (b) levels. A total of 108 MAGs were recovered and 1082 

differentiated into 29 species based on the ANI values. We defined the representative MAG for 1083 

each species as that showing high quality. Only the representative MAG for each species is 1084 

depicted in the tree. The ENA accession numbers of the representative MAGs are shown in 1085 

parentheses. MAGs with similar phylogenies as HRT bioindicators are indicated by a star.  1086 

 1087 

Figure 8. Overview on the quantitative prediction of process performance in the anaerobic 1088 

bioreactor system. a, Anaerobic mixed culture fermentation of lactate and xylan for the 1089 

production of n-caproate (C6) and n-caprylate (C8) by lactate-based chain elongation. Based on 1090 

the recovery of metagenome-assembled genomes, the left panel shows the bioindicators capable 1091 

of performing key steps of the fermentation. b, Reducing the hydraulic retention time (HRT) as 1092 

an operation-based strategy to optimise the process performance and to manage the reactor 1093 

microbiota towards desired functions. Shortening the HRT from 8 days to 2 days enhanced 1094 

productivities of C4, C6 and C8. The enriched reactor microbiota comprised functional groups 1095 

involved in xylan hydrolysis, xylose fermentation and chain elongation with lactate, presented by 1096 

a co-occurrence network of environmental factors (controlled conditions with only reducing the 1097 

HRT), ecosystem functioning (process performance) and microbial community. The full network 1098 

is shown in Additional file: Figure S13. c, Predicting performance of ecosystem processes with 1099 

random forest analysis. We developed a random forest two-step workflow to qualitatively predict 1100 

the HRT phases and to quantitatively predict carboxylate production by using relative abundance 1101 

data of the 16S rRNA-derived species (ASVs, Amplicon Sequence Variants). 1102 
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Table 1. Summary of metagenome-assembled genomes (MAGs) with the same taxonomy as HRT bioindicators.  1103 

HRT bioindicators 

Number of MAGs Taxonomic classification 
Representative 

MAG High 
quality 

Medium 
quality 

Phylum Class Order Family Genus Species 

Olsenella sp. 
ASV034 

Olsenella sp. 
ASV057 

Olsenella sp. 
ASV058 

 2 3 Actinobacteriota Coriobacteriia Coriobacteriales Atopobiaceae Olsenella_B 
Olsenella_B 
sp000752675 

UMB00010 

4 2 Actinobacteriota Coriobacteriia Coriobacteriales Atopobiaceae Olsenella_C unclassified UMB00003 

1 0 Actinobacteriota Coriobacteriia Coriobacteriales Atopobiaceae Olsenella unclassified UMB00074 

unclassified 
Erysipelotrichaceae 
sp. ASV002 

4 1 Firmicutes Bacilli Erysipelotrichales Erysipelotrichaceae unclassified unclassified UMB00059 

Bulleidia sp. 
ASV010 

0 1 Firmicutes Bacilli Erysipelotrichales Erysipelotrichaceae Solobacterium unclassified UMB00050 

6 0 Firmicutes Bacilli Erysipelotrichales Erysipelotrichaceae Solobacterium 
Solobacterium 
sp900343155 

UMB00007 

5 1 Firmicutes Bacilli Erysipelotrichales Erysipelotrichaceae Solobacterium 
Solobacterium 
sp900290205 

UMB00011 

Lachnospiracea 
incertae sedis 
ASV053 

3 0 Firmicutes_A Clostridia Lachnospirales Lachnospiraceae UBA4285 unclassified UMB00063 

Syntrophococcus 
sp. ASV060 

Eubacterium 
cellulosolvens 6 

Firmicutes_A Clostridia Lachnospirales Lachnospiraceae Eubacterium_H 
Eubacterium_H 
cellulosolvens 

  

Eubacterium 
cellulosolvens LD2006 

Firmicutes_A Clostridia Lachnospirales Lachnospiraceae Eubacterium_H 
Eubacterium_H 
cellulosolvens_A  

5 0 Firmicutes_A Clostridia Lachnospirales Lachnospiraceae Eubacterium_H unclassified UMB00012 

6 0 Firmicutes_A Clostridia Lachnospirales Lachnospiraceae Eubacterium_H unclassified UMB00020 

Clostridium IV sp. 
ASV073 

Caproiciproducens 
galactitolivorans BS-1 

Firmicutes_A Clostridia Oscillospirales Acutalibacteraceae MS4 unclassified  
5 0 Firmicutes_A Clostridia Oscillospirales Acutalibacteraceae UBA1033 

UBA1033 
sp002399935 

UMB00014 

1 0 Firmicutes_A Clostridia Oscillospirales Acutalibacteraceae UBA1033 
UBA1033 
sp002407675 

UMB00060 

3 0 Firmicutes_A Clostridia Oscillospirales Acutalibacteraceae UBA1033 
UBA1033 
sp002409675 

UMB00097 

Ruminococcaceae 
bacterium CPB6 

Firmicutes_A Clostridia Oscillospirales Acutalibacteraceae UBA4871 
UBA4871 
sp002119605  
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6 0 Firmicutes_A Clostridia Oscillospirales Acutalibacteraceae UBA4871 
UBA4871 
sp002399445 

UMB00016 

Clostridium sensu 
stricto sp. ASV008 

Clostridium luticellarii 
DSM29923 

Firmicutes_A Clostridia Clostridiales Clostridiaceae Clostridium_B 
Clostridium_B 
luticellarii  

3 0 Firmicutes_A Clostridia Clostridiales Clostridiaceae Clostridium_B 
Clostridium_B 
sp003497125 

UMB00080 

Lactobacillus sp. 
ASV074 

6 0 Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus_H 
Lactobacillus_H 
mucosae 

UMB00017 

0 1 Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus unclassified UMB00041 

2 2 Firmicutes Bacilli Lactobacillales Lactobacillaceae Lactobacillus 
Lactobacillus 
amylovorus 

UMB00015 

unclassified 
Coriobacteriaceae 
sp. ASV082 

0 0              
Taxonomy refers to the GTDB (Genome Taxonomy Database) phylogenomic classification. ASVs in bold represent the four HRT 1104 

bioindicators irrespective of time. Sequence datasets of genomes in red letters were taken from the databases of NCBI and 1105 

EzBioCloud. These genomes (in red) were used to affiliate the MAGs of Syntrophococcus, Clostridium IV and Clostridium sensu 1106 

stricto, since their genomes are not available in GTDB. See details of MAGs in Additional file 3: Dataset S1. ASV: amplicon 1107 

sequencing variant. 1108 



Figures

Figure 1

Performance of bioreactors. Concentrations of chain elongation products and lactate, as well as
productivities and yields of chain elongation products in bioreactors A (a) and B (b) during the four HRT
phases. Chain elongation products: C4, n-butyrate; C6, n-caproate; C8, n-caprylate.



Figure 2

Dissimilarities in bacterial community composition (beta-diversity). Non-metric multidimensional scaling
(NMDS) based on Bray-Curtis dissimilarities of microbial community composition in bioreactors. a, All
samples in the four HRT phases were considered for dissimilarity calculation. b, Samples in the 8-day
HRT phase classi�ed to the sampling interval 0-50 days and in the 2-day HRT phase classi�ed to the
interval 141-211 days were included.



Figure 3

Random forest feature importance of ASVs used to classify the HRT phases (A-HRT bioindicators and B-
HRT bioindicators). The top-ranked 15 ASVs reducing the uncertainty in the prediction of HRT phases
(HRT of 8 days and 2 days). The order of features (from top to bottom) was based on their mean
decrease in Gini scores, according to their ASV abundances distribution, with HRT as the response
variable. a, Feature importance of A-HRT bioindicators. The ASV importance was calculated using the
relative abundance data of bioreactor A as a training set and data of bioreactor B as a test set. b, Feature
importance of B-HRT bioindicators. Similar to A-HRT bioindicators, ASV importance of B-HRT was
calculated using the relative abundance data of bioreactor B as a training set and data of bioreactor A as
a test set. The taxonomic classi�cation of ASVs assigned at the genus level is provided in parentheses.



Figure 4

Prediction results of C6 and C8 productivities using HRT bioindicators. a,b, Prediction performance of C6
productivity. c,d, Prediction performance of C8 productivity. Results in a and c were obtained by using
relative abundance data of bioreactor A for training the model and data of bioreactor B for testing.
Results using the data of bioreactor B for training and bioreactor A for testing are shown in b and d. The
red lines and grey shaded areas depict the best-�t trendline and the 95% con�dence interval of the least-
squares regression, respectively. C6, n-caproate; C8, n-caprylate; %Var., explains the variance (%) in C6/C8
productivity of the training set; RRMSE, relative root mean square error.



Figure 5

Phylogeny of HRT bioindicators and non-HRT bioindicators for considering community assembly caused
by time. a,b, A maximum likelihood 16S rRNA gene tree showing the ASV species based on the rare�ed
sequencing data. ASVs are coloured according to the class (a, �rst inner ring) and family (b, second inner
ring). c, The third inner ring shows the 11 HRT bioindicators identi�ed in both reactors for the prediction
of HRT phases of 8 days and 2 days. The ASVs identi�ed as HRT bioindicators are shown in bold. Their
taxonomic assignments at the genus level are provided in the legend. d, The four ASVs of HRT
bioindicators irrespective of time are shown in red in the outer ring. The ASVs only present in non-HRT
bioindicators of C6/C8 productivity are shown in pink in the outer ring. e, Relative abundance dynamics
of HRT bioindicators during the whole reactor operation period. In the legend, A and B stand for
bioreactors A and B, respectively. The four ASVs (in bold) of HRT bioindicators, irrespective of time,
assigned at the genus level are indicated in parentheses. C6, n-caproate; C8, n-caprylate.



Figure 6

Genetic potential of metagenome-assembled genomes (MAGs) with the same taxonomy as HRT
bioindicators driving the catabolism of xylan and lactate to n-caproate and n-caprylate. These catabolic
steps were categorised into four main functions of the anaerobic mixed culture fermentation. a,
Hydrolysis of xylan. b, Xylose fermentation producing acetate and lactate. c, Butyrate formation from
lactate and acetate. d, Chain elongation with lactate as electron donor producing n-butyrate, n-caproate
and n-caprylate. Numbers represent the 18 different MAGs with similar phylogenies as the HRT
bioindicators at the genus level (details in Table 1). The enzyme abbreviations are provided in red letters
next to the pathways (solid lines). Dashed lines represent multi-enzyme reactions between the two
indicated molecules. In (d), “cycle” refers to the reverse β-oxidation cycle. The complete metabolic
pathways are depicted in Additional �le 1: Figure S12. un., unclassi�ed; XL, xylanase (EC 3.2.1.8); XylT,
xylose transporter (EC 7.5.2.10, EC 7.5.2.13); LacP, lactate permease (TC 2.A.14); CoAT, butyryl-
CoA:acetate CoA-transferase (EC 2.8.3.-); PTB, phosphate butyryltransferase (EC 2.3.1.19); BUK, butyrate
kinase (EC 2.7.2.7); ACT, acyl-CoA thioesterase (EC 3.1.2.20).



Figure 7

Phylogenetic tree of the recovered metagenome-assembled genomes (MAGs). a,b, A phylogenomic tree
based on mash distances showing the MAGs taxonomy determined by GTDB-Tk at phylum (a) and
family (b) levels. A total of 108 MAGs were recovered and differentiated into 29 species based on the ANI
values. We de�ned the representative MAG for each species as that showing high quality. Only the
representative MAG for each species is depicted in the tree. The ENA accession numbers of the
representative MAGs are shown in parentheses. MAGs with similar phylogenies as HRT bioindicators are
indicated by a star.



Figure 8

Overview on the quantitative prediction of process performance in the anaerobic bioreactor system. a,
Anaerobic mixed culture fermentation of lactate and xylan for the production of n-caproate (C6) and n-
caprylate (C8) by lactate-based chain elongation. Based on the recovery of metagenome-assembled
genomes, the left panel shows the bioindicators capable of performing key steps of the fermentation. b,
Reducing the hydraulic retention time (HRT) as an operation-based strategy to optimise the process
performance and to manage the reactor microbiota towards desired functions. Shortening the HRT from
8 days to 2 days enhanced productivities of C4, C6 and C8. The enriched reactor microbiota comprised
functional groups involved in xylan hydrolysis, xylose fermentation and chain elongation with lactate,
presented by a co-occurrence network of environmental factors (controlled conditions with only reducing
the HRT), ecosystem functioning (process performance) and microbial community. The full network is
shown in Additional �le: Figure S13. c, Predicting performance of ecosystem processes with random
forest analysis. We developed a random forest two-step work�ow to qualitatively predict the HRT phases



and to quantitatively predict carboxylate production by using relative abundance data of the 16S rRNA-
derived species (ASVs, Amplicon Sequence Variants).
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