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9  Abstract: Model simulations are vital in optimizing and predicting the performance of biological
10 sewage treatment, especially for processes involving slow-growing bacteria. However, data records
11 often include missing, invalid, or infrequent measurements of parameters, compromising prediction
12 accuracy. This study used a hybrid theoretical-machine learning approach to address these issues. By
13 leveraging stoichiometry and kinetics, missing values were calculated in limited data sets, which were
14 then analyzed through machine learning algorithms to reveal hidden microbial interactions. The model
15  was validated with data from a pilot-scale partial nitritation/anammox fluidized bed membrane
16  bioreactor (PN/A FMBR) with saline sewage. The model demonstrated strong prediction performance,
17  with random forest outperforming other algorithms, with correlation coefficients of 0.89, 0.72, and 0.80
18 for ammonium, nitrite, and nitrate data sets, respectively, when compared to actual values. Training sets
19  containing 73 to 88 same-day values reached acceptable predicting performance. The results also
20  revealed that microbial synergy in nitrogen transformation, particularly in the partial denitrification
21 from nitrate to nitrite linked to Anammox in responding to a low DO supply, was evident in this PN/A
22 FMBR. Additionally, key parameters, including temperature, pH, and specific microbiomes, were
23 identified as critical for predicting PN/AFMBR performance, highlighting significant microbial
24 interactions that warrant further investigation.

25 Keywords: Wastewater treatment, Anammox, Theoretical-machine learning, Partial nitritation,

26  Microbial interactions, Fluidized bed membrane bioreactor

27  Synopsis: This study presents an innovative hybrid Theoretical-Machine Learning model for sewage
28  treatment, calculating missing values and revealing crucial microbial interactions to enhance effluent

29  prediction accuracy.

30

Page 1


mailto:mark.hsu@polyu.edu.hk
tel:+852%202766%206057

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

1. INTRODUCTION

Traditional biological nitrogen removal (BNR) methods in sewage treatment plants (STPs),
such as nitrification/denitrification (N/D) are energy-intensive and produce high levels of
sludge and green house gas. Alternative approached like partial nitrification (PN) and anaerobic
ammonium oxidation (anammox) offer more sustainable solutions.! PN nitrifies half the
ammonium (NH4") in the influent to nitrite (NO2") by ammonium oxidizing bacteria, while
anammox removes the remaining NH4" with NO2™ to produce nitrogen gas (N2) by anammox
bacteria >~’. Coupled PN/anammox (PN/A) process produces N2 and small amounts of nitrate
(NOs3"). Integration of the PN/A process in a membrane bioreactor (MBR) has shown high
nitrogen removal efficiency (~89.5%) has been theoretically demonstrated *%. In addition to
the benefits of the PN/A processes, its integration to an MBR results in high-quality effluent *-

T at short hydraulic retention times (HRTs) and high loading rates.!?

Research indicates that the PN/A process is complicated and highly susceptible to
environmental factors, including temperature, pH, dissolved oxygen, the presence of heavy
metals and the concentration of ammonium and nitrite '*>. Additionally, the sensitivity of
anammox bacteria and the unstable suppression of nitrite-oxidizing bacteria (NOB) in the
complex mainstream environment vastly limited anammox applications.!*!> This sensitivity
necessitates precise control of operational parameters to avoid costly and time-consuming
recovery from disturbances..!®!® Modelling has proven to be an invaluable tool for enhancing
understanding of recent anammox-based processes and helping in the simulating various

1921 In the context of PN/A systems, the primary focus was on

operational strategies
autotrophic nitrogen removal carried out by ammonia-oxidizing bacteria (AOB), NOB and
anammox bacteria. However, recent research suggests that heterotrophic microorganisms may

also play a critical role in these systems.?’ While autotrophic processes dominate the PN/A

pathway, heterotrophs can contribute by influencing nitrite availability and competing for
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resources, thereby affecting overall system efficiency. Therefore, more efforts are required to
characterize the microbial interactions not only between AOB and NOB but also between

autotrophic and heterotrophic organisms to improve nitrogen removal efficiency.

Understanding these microbial synergies, alongside the multiple pathways contributing to
nitrogen transformation, is crucial for optimizing PN/A performance. Therefore, further
research is necessary to better characterize microbial interactions by identifying multiple
pathway contributions, influencing factors and energy-efficient operational strategies for the

successful implementation of these processes. %2

Models which include microbial community diversity enable the understanding of microbial
community shifts and composition link to control strategies, stability, and performance.?* To
address the complexities of modeling such systems, tools like the activated sludge model
(ASM) series***> and anaerobic digestion model 1,’° are commonly used, integrated with
software such as AQUASIM?’, GPS-X28, and Biowin # with special modules for MBR
simulations 3%*!'. PN/A process in granular sludge reactors have been studied with AQUASIM’s

17,32-35

multi-substrate and multi-species biofilm models. These models are invaluable for

predicting system behavior and optimizing operational strategies®® but often suffer from a lack

of standardized methods for parameter calculation and challenges in scaling up from biofilm-

based models to real-world applications.>’

In recent years, the statistical-empirical approach through machine learning algorithms have
been applied in the sewage treatment field for sewage quality influent and effluent prediction®®
40 soft measurement *! and automatic control of STPs ***? due to its ability for handling large

datasets and dealing with complex, nonlinear relationships and accurate predicting.

44,45

Furthermore, recent advances in interpretable techniques, now offer insights into the key

factors driving biological sewage treatment. In practical wastewater treatment scenarios, data

37,46

gaps are common, particularly with key operational parameters like microbial community
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abundances and real-time nitrogen concentrations.**’ These gaps can significantly hinder the
accuracy of outcome predictions. Additionally, relying solely on machine learning can fail to
capture the complex biological interactions within these systems, often resulting in incomplete
process understanding.*® While there have been many models developed for PN/A process!®-%,
few theoretical- or statistical-empirical modelling approaches have specifically addressed the
PN/A process in an anoxic MBR with granulated activated carbon (GAC) and a fluidized-bed
with sewage recirculation. Moreover, the influence of microbial community abundance on
nitrogen removal in this distinctive setup has seldom been analyzed through theoretical or
statistical-empirical modeling approach. In this context, this paper introduces a novel hybrid
theoretical-statistical approach designed specifically for data-limited settings. This approach is
applied to a partial nitrification/anammox fluidized-bed membrane bioreactor (PN/AFMBR)
to predict effluent nitrogen compounds effectively. It also aims to identify crucial parameters
influencing biological nitrogen removal (BNR) by incorporating operational, water quality, and
microbial data. By calculating missing values and revealing hidden microbial interactions that
traditional methods overlook, this study successfully bridges gaps in optimizing the

performance of biological sewage treatment systems, particularly those relying on slow-

growing bacteria.

2. MATERIALS AND METHODS

2.1 PN/AFMBR description

The pilot-scale PN/AFMBR for mainstream treatment of settled sewage obtained from
chemically enhanced primary treatment was installed at the Stonecutters Island sewage
treatment works (STWs) in Hong Kong, as shown in Figure S1 %. Sewage in Hong Kong
contains high salinity because about 80% of the population is served with treated seawater for

toilet flushing. The reactor operated for 523 days with final working volume of 1.23 m*“ The
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acclimation period was about 147 days when the operation was shifted from batch to
continuous mode. Settled GAC occupied 56% of the reactor, while fluidized GAC occupied
100% of the reactor height. The PN/AFMBR contained five submerged hollow-fiber
membrane (pore size: 0.1 um) modules made of polyvinylidene fluoride with a total surface
area of 55 m%. The upflow velocity was 69.2 m/h. The reactor was inoculated with seed from

an anaerobic digester in Tai Po STWs.

The operation of the PNAFMBR was automated with an integrated programmable logic
controller (PLC) unit including sensors for temperature, dissolved oxygen (DO), and pH.
Transmembrane pressure (TMP) was recorded with a pressure gauge installed in the effluent
line. The average flow rate was adjusted according to three different HRTs (i.e., 15,10 and 8
hr).* Chemical oxygen demand (COD), ammonium, nitrite, and nitrate concentrations were

determined according to standard methods.>

DNA extraction of biomass samples (i.e., seed sludge, suspension sludge in the PN/AFMBR,
and biofilm from GAC in the PN/AFMBR) was performed with PowerSoil DNA extraction kit
(MoBio Laboratories, Carlsbad, CA, USA). 16S rRNA gene was sequenced with Illumina Mi-
Seq platform (PE250) using primers 515F and 806R. BlastKOALA was utilized for genome
functions characterization and functional pathways reconstruction *°!. Details of the pilot-scale
PN/AFMBR, its operating conditions and microbial community results are reported in Huang

etal 4.

The methodology, as described in Figure 1, starts with analyzing data for same-day
information. Missing values are then calculated theoretically. Data sets are separated in two
groups depending on the number of input process parameters. Group 1 includes operation
parameters and influent nitrogen compounds concentrations. Besides the input process
parameters in group 1, microbial community abundances are included in Group 2. The machine

learning algorithms are then developed for each data set in Group 1. The best machine learning
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130  algorithm is identified through a ranking approach. Analysis of different data set sizes —

131  including Group 2 — and feature selection are conducted with the machine learning algorithm

-
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133
134 Figure 1. Overall framework of the hybrid theoretical-statistical approach, RF: random forest, and SVM:
135 support vector machine, LR: linear regression.
136

137 2.2 Dataset preparation

138 2.2.1 Operational data description
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To build the datasets, data was screened for same-day information on six operational
parameters (i.e., HRT, temperature, transmembrane pressure, average flow rate, DO, pH), three
influent and three effluent nitrogen compounds concentrations (i.e., ammonium, nitrite, and
nitrate), and 56 microbial community abundance percentages in the suspension and biofilm
samples in the PN/AFMBR (e.g., Nitrosomonas, Nitrospira, and Candidatus Kuenenia). The
available data for the analysis was collected for 166 days during the period of April 2018 to

October 2018 (day 181 to 346).

Excluding temperature, all operational parameters were controlled with the PLC unit.
Temperature, TMP and pH in the reactor ranged from 25 to 35°C, -0.1 to -0.01 kg/cm? and 7.2
to 7.8, respectively. pH was increased with sodium carbonate solution when the value
decreased below 7.2. Even if DO set point was 0.1 mg/L, the average DO value from the
measurements of five DO sensors installed along the reactor were recorded. Operational
parameters measurements were frequently recorded (3 to 6 times per week) from the PLC unit.
Concentrations of inorganic nitrogen compounds were routinely measured every 3 to 5 days at
the influent and effluent of the PN/AFMBR. The nitrogen compounds influent concentrations
were considered as uncontrollable variables. Samples for microbial community analysis were
collected 5 times in the total period of data collection on Days 0, 216, 259, 308, and 332.* The
explanation of dates and frequency of microbial community analysis sampling is explained in
Supporting Method S2. At genus level, 28 microbiomes were identified for each of the seed
sludge sample (S0), suspension sludge samples (S1 to S4), and biofilm samples from the GAC
(B1 to B4). Microbial community abundance percentages are assumed as controllable because
operation parameters might inhibit the growth of a group of microbiomes. For example, limited
DO (< 0.1 mg/L) is expected to suppress nitrite oxidizing bacteria. Yet, the microbial

abundance of different microbiomes in the seed sludge was out of the control of this study.
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163 Given the disparity on the frequency of data collection, only one day (Day 332) has same-day
164  information for operational parameters, influent and effluent nitrogen concentrations, and
165  microbial community abundance. From Day 181 to 346, data for operational parameters were
166  collected for 105 days, whereas data for influent and effluent nitrogen compounds were
167 measured for 50 days. Data for microbial community abundance was obtained for 5 days.

d*'2 or calculated from previous data® in

168  Records with missing values have been eliminate
169  other models based on machine learning methods. In this study, missing data for input and

170  output process variables were calculated under theoretical assumptions to provide more

171  professional insights.

172 Table 1 Statistical description of input and output process variables in data sets of Groups 1 and 2 according to
173 Huang et al. *
Group  Group Pr(?cess Input Min. Max. Mean Std. Dev.
1 2 variables
HRT (h) 8.000 15.000 12.663 2.881
Temperature (°C) 24.810 34.46 30.377 1.890
v v Operational TMP (kg/cm?) -0.100 -0.010 -0.048 0.016
parameters Flow rate (m’/h) 0.020 0.940 0.109 0.093
Dissolved oxygen (mg/L) 0.030 0.330 0.090 0.042
pH 7.160 7.770 7.528 0.070
Ammonium 11.170 44.000 22.040 5.083
v v Influent (mg/L) Nitrite 0.000 1.270 0.025 0.120
Nitrate 0.000 7.130 2.831 1.629
v Microbial data Ml;{;?g;;g?&%?lty * * * *
1 2 Output
Effluent & Ammonium 5.272 43.910 18.809 5.589
v v influent Nitrite -9.779 1.230 -1.713 2.222
difference(mg/L) Nitrate -14.010 5.470 -1.440 4.278

Notes: *The statistical description of the microbial community abundance includes 28 genera for suspensions in the
PN/AFMBR and 28 genera for biofilm in the GAC of the PN/AFMBR are listed in Table $8-S9.

174

175  Input process variables include operational parameters, nitrogen compounds concentrations in
176  the influent and microbial community abundance percentages in the suspension and biofilm
177  within the PN/AFMBR (Table 1). Missing data for TMP and DO were assumed as the average
178  between the previous and following day but circumstances on-site were also considered.>* For

179  example, TMP was assumed lower than average during days 239 to 241 due to power shortcuts
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on-site. On Day 256, the DO was set to 0 mg/L thus the average DO in the reactors was assumed
as 0.04 mg/L as measured for Day 255. Interpolation was used to assume the missing data for
flow rate and pH.>®> In addition, the on-site observations were considered. For example, flow
rate on Day 276 was below the measurement range, thus 0.055 m>/hr was assumed. The missing
data for temperature were assumed by the average of the previous and the following day. If
temperature data for two days were missing, then the missing values were interpolated from
one day before and one day after. Missing values for influent ammonium concentration were
assumed as a random value within a range obtained from measurements on April 2018 to
October 2018* and April 2016 to October 2016.% Nitrite concentrations in the influent were
assumed as 0 mg/L for all the missing data because all the measurements in this period were
below 0.6 mg/L, except for day 274 (1.27 mg/L). Missing data for nitrate concentration in the
influent were assumed as a random number within the range of the measured maximum and
minimum concentrations for each month (April to October 2018). Theoretical calculations
based on stoichiometry and microbial kinetics have been previously determined to describe the
biochemical reactions occurring in the pilot-scale PN/AFMBR through a thermodynamics
electron equivalent (TEE) model.?? Even though microbial growth can be established through
stoichiometry and kinetics, the microbial community abundance are only limited within known
microbiomes. Given that quantification of total active biomass is required to calculate the
percentage of microbial community abundance for each genus of known microbiomes, missing

percentages were assumed with linear or exponential regression between the 5 days measured.

Output process variables were calculated as the difference between effluent and influent
nitrogen compounds concentrations (Table 1). Effluent nitrogen compounds concentrations
were measured for 50 days; thus, the TEE model developed by Alvarado®? was used to validate

the date of 50 measurements from Huang et al.*

2.2.2 Theoretical calculation of missing data
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Missing values for effluent concentrations were determined based on the TEE model. The TEE
model assumes that biological reactions are based on substrate partitioning and cellular
framework, quantifies microbial community abundances in various sludge types, and includes
multiple biological processes (e.g., organic oxidation, denitrification, sulfate reduction) with
iterative calculations for influent and effluent nitrogen compounds, utilizing design criteria
from existing literature and experimental data to estimate removal efficiencies and account for
missing data using specified thresholds and regression methods. The detailed calculation
processes and its correlated assumptions are listed in Supporting Method S1. Table S1 lists
typical design criteria for the biological processes in the PN/AFMBR included in the TEE

model. Ammonium concentration (in mg/L) in the effluent (NHJ, ) is calculated by including
ammonium concentration in the influent (NHj f); ammonium produced during organic
oxidation (NH] 0.0 ), fermentation (NH; Fer.p ), heterotrophic denitrification with nitrite
( +NHf HDNOS p ), heterotrophic partial denitrification with nitrate reduction to nitrite
( NHf ,,» DNOTp ), dissimilatory nitrate reduction to ammonium with sulfur reduction
(NH{ g Ap ), sulfate reduction (NH; SRp ), and heterotrophic denitrification with nitrate
(NHf HD,No;,p); and, ammonium consumed during aerobic ammonium oxidation (NHJ , 40,00
nitrite oxidation (NH] 0,c)> autotrophic partial denitrification with nitrate reduction to nitric
oxide (NH{ ,, p.¢)> ANAMMOX (NHf 4nx,c)» dutotrophic denitrification with nitrate (NH{ , DN 03_,6),
and methanol oxidation (NH} Mo,c) 8 shown in Eq. 1. Nitrite concentration (in mg/L) in the
effluent (NO; f f) is determined by including nitrite concentration in the influent (NO; ,, f);
nitrite produced in aerobic ammonium oxidation (NO; ,, op ), and heterotrophic partial
denitrification with nitrate reduction to nitrite (NO; ,, DN 03_’p); and, consumed in heterotrophic

denitrification with nitrite (NO3 NO ¢ ), nitrite oxidation (NO3, , .), and anammox
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(NO; Anx”c) as shown in Eq.2. Nitrate concentration (in mg/L) in the effluent (NO3, ; f) is
calculated by including nitrate concentration in the influent (NO3 . f); nitrate produced during
nitrite oxidation (NO3 0.,p)’ and anammox (NO3 Anx”p); and, nitrate consumed in autotrophic
partial denitrification with nitrate reduction to nitric oxide ( NO3,,, . ), autotrophic
denitrification with nitrate (NO3 , DN 03_’6), dissimilatory nitrate reduction to ammonium with
sulfur reduction (NO3 . A’C), heterotrophic partial denitrification with nitrate reduction to
nitrite (NO3 HPD.NO ¢ ), heterotrophic denitrification with nitrate (NO3 HDNOF ¢ ), methanol
oxidation (NO3,,, ), and heterotrophic partial denitrification with nitrate reduction to nitric

oxide by Lewinellaceae (NO3 ,,, .) as shown in Eq.3.

+ — + + + + + +
NH; eff — NH, + NHy 0.0,p + NHy Fer.,p+NH4' HD,NO3,p + NHy HPD,NO3 ,p + NH, DNRA,p +

inf
+ + _ + _ + _ + _ + _ + _
NH, SR,p + NH, HD,NO3,p NH, AAOc NH, N.O,c NH, APD,c NH, Anx,c NH, AD,NO3 ¢

NHIMO’C (Eq.1)
Noz_eff = NOZ_inf + NOZ_AAO,p + NOZ—HPD,Nog,p - NOZ_HD,NOZ_,C - NOZ_N.O.,C - NOZ_Anx.,C (Eq.2)

NO3 = N03_inf + N03_N.0.,p + N03_Anx.,p - N03_APD.,C - N03_AD.,N03_,C - N03_DNRA,C -

eff

N03_HPD,N03_,C - N03_HD,NO3_,C - N03_M0,c - N03_Lew,c (Eq.3)

Operational parameters and influent nitrogen compounds concentrations were the input process
variables in data sets of Group 1, while data sets in Group 2 also included microbial community
abundance percentages as input process variables to determine the influence of microbiome on
the prediction of effluent nitrogen compounds concentrations. The statistical features of data

sets in group 1 and 2 are listed in Table 1.
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Final data sets in Group 1 to predict effluent nitrogen compounds concentrations resulted in a
total of 1,660 data points, while final data sets in group 2 consisted of 10,956 data points. Same-
day information was classified as “measured” or “calculated” depending on whether data
reflect actual data (40 days) or theoretically calculated data (126 days). Both Group 1 and

Group 2 have 166 groups of data.

2.3 Model development and ranking

Random forest (RF) and Support Vector Machine (SVM) are employed for training and testing
of data sets in groups 1 and 2. These algorithms are selected mainly due to their capability of
capturing non-linear relationships in highly complex datasets. RF is an ensemble method which
consists of a user-specified number of decision trees, usually Classification and Regression
Trees, each of which is trained on a sub-sample of the data.’®*° Decision trees such as CART
are formed by splitting features to make decision so that each split maximizes the reduction of
variance in regression tasks and Gini impurity in classification tasks. SVM models for
regression tasks, also known as Support Vector Regression (SVR) models, are trained by
minimizing a convex cost function that resembles the discrepancy between the actual and
predicted values.’®®! For comparison purposes, linear regression serves as a baseline to

evaluate the regression performance of these more complex models.

The algorithms presented in this paper are developed, trained, and tested using Python 3.6, and
the scikit-learn,®? TensorFlow™,% and KERAS®* packages. The hyperparameters of the
studied machine learning algorithms were determined using guidelines provided in Asghari et
al. and Wang et al.%® Optimal values for hyperparameters corresponding to machine learning

algorithms are shown in Table S10. All models were trained with 126 theoretically calculated

same-day data and tested with random selections of 20 measured same-day data. This approach

was designed to assess whether models trained on calculated data could achieve comparable
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performance to those trained on real data. Prior to training neural networks models, all features
were scaled using MinMax function, so they range between 0 and 1. Correlation coefficient
(R), mean absolute error (MAE), and mean squared error (MSE) were used to rank the

performance of the models developed by the machine learning methods.

2.4 Data set size and feature selection analysis

Data size was analyzed in depth and breadth. In depth, because the machine learning algorithm
with the best performance for the data sets was selected to assess whether calculating missing
values through theoretical calculations aids in the performance of the models by varying the
training data set size from 0% (0 same-day data) to 100% (146 same-day data). The R of the
predictions were benchmarked against traditional linear regression. In breadth, because
microbial community abundance percentages were included as input process variables for the
analysis of data sets in group 2. Microbial analysis is labor intensive and time-consuming; thus,
it is vital to determine whether obtaining microbiome data improves predictions. In addition,
the identification of the relative importance (RI) of input process parameters in the prediction
of effluent nitrogen compounds concentrations was performed by the machine learning
algorithm with the best performance. Data sets of Group 1 have nine input process parameters
available, while data sets in Group 2 have over sixty input process parameters. To obtain a
better generalized model, the most relevant parameters were identified. Data sets and machine

learning codes are available online.'

! https://github.com/vd1371/ML-PNAFMBR
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3. RESULTS AND DISCUSSION

3.1 Prediction performance

Predicted values for effluent ammonium, nitrite, and nitrate concentrations were compared with
the training, cross validation, and test sets. To simulate the effluent nitrogen compounds
concentrations in the PN/AFMBR, the optimal values for the hyperparameters corresponding

to machine learning algorithms were identified.

Table 2. Performance of machine learning algorithms on testing data set including microbial community
abundance percentages.

Output process variable Criteria LR RF SVM
Ammonium R 0.008 0.894 0.794
MAE 5.65 2.022 2.540
MSE 31.96 7.671 13.793
Nitrite R 0.189 0.722 0.351
MAE 4.18 0.891 1.389
MSE 25.84 1.648 5.069
Nitrate R 0.247 0.802 0.808
MAE 5.15 1.787 1.857
MSE 56.14 6.060 6.667
Overall Rank 111 I 11

Performance evaluations in the test data sets aid to determine the robustness of the predictive
models. Table 2 displays the R, MAE and MSE values obtained by the three machine learning
methods estimating the difference between effluent and influent ammonium, nitrite and nitrate
concentrations. Ranking of each algorithm based on three evaluation criteria is also provided
in Table 2. Based on the results, change in ammonium concentrations are satisfactorily fitted
by random forest with close values for R (0.89), MAE (2.02) and MSE (7.67). For nitrite
concentrations, random forest outperforms the other algorithms by providing the highest R
(0.72), and the lowest MAE (0.89) and MSE (1.65) errors. For the difference in nitrate
concentrations, SVM, presented the highest R of 0.81, while RF presented the lowest MAE of

1.79, and the lowest MSE of 6.06, respectively. Comparison of prediction performance with
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theoretical-empirical models is not conducted because of the lack of studies modeling change
in nitrogen compounds concentrations in the integrated PN/A FMBR with GAC fluidization.
Indeed, there are some studies that focus on PN/A process without membranes in their
configurations,'”**3367 or MBRs for activated sludge.3'*® However, some of these studies

17,34

focus on mathematical predictions without real data, or they lack model validation on test

datasets. 31:33:67:68

Overall, random forest presented the best performance across all nitrogen compounds verifying
its robustness to predict the profile of effluent nitrogen compounds concentrations in the PN/A
FMBR compared to other algorithms. The change in nitrogen compounds concentrations was
accurately predicted within one standard deviation of the data sets in group 1. Unlike SVM
which is trained on the whole training set, elements (trees) of random forest can overlook
mistaken data entries, noises, or anomalies. Moreover, data scaling is not required for the pre-
processing of random forest, unlike SVM. Owing to these facts, training random forest is easier
and more intuitive for engineers. With this flexibility provided by random forest, or ensemble
methods in general, practitioners could, theoretically, train more accurate models on smaller

datasets.

3.2 Data size analysis

The comparison of correlation coefficients (R) between predicted concentrations using
different quantities of training data for random forest (RF) and linear regression (LR) is
illustrated in Figure 2. R? at different sizes of training datasets is included in Supporting
Information, Figure S2. The dataset consists of 166 days in total, including 40 days of measured
same-day data and 126 days of theoretically calculated data for ammonium, nitrite, and nitrate.

Test sets comprised 20 measured same-day data, while training sets varied from 0 to 146 days,
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with the remaining 20 same-day data in the training set representing approximately 14% of the

data (shown by the blue vertical line).

For datasets without microbial community information (Figure 2A), the correlation
coefficients stabilized from 50% of the data in the training set onwards. RF consistently
outperformed LR, with correlation ranges of 0.803 to 0.859 for ammonium, 0.665 to 0.772 for
nitrite, and 0.897 to 0.922 for nitrate concentrations, while LR’s R values ranged from 0.663
to 0.726 for ammonium, 0.664 to 0.701 for nitrite, and 0.527 to 0.677 for nitrate. The highest
R for ammonium (0.859) and nitrate (0.922) were achieved at 50% of the training data using
RF, while the highest R for nitrite (0.772) was obtained at 80%. Notably, at 40% of the training
set, the R value for LR (0.819) slightly exceeded that of RF (0.815) for ammonium, suggesting
that better tuning of RF hyperparameters could further improve its performance. For nitrite, LR
outperformed RF between 15% and 55% of the training set, while RF showed more stable

performance after 60% of the training data.

The performance for nitrate predictions was more consistent with RF, maintaining correlation
values between 0.860 and 0.922, while LR exhibited decreasing R values with increasing data
size, dropping from 0.527 to 0.882. The lowest R values for both algorithms occurred when
the training set was limited to the 20 measured same-day data. However, training sets
containing 50% to 60% of the data (73 to 88 same-day data) reached acceptable R values using

RF, highlighting the importance of calculated values for missing data.

When microbial community information was included (Figure 2B), the model performance
improved significantly. For ammonium, the R value increased from 0.894 to 0.938, mean
absolute error (MAE) decreased from 2.022 to 1.572, and mean squared error (MSE) dropped

from 7.671 to 4.508, as presented in Table S11. For nitrite, R improved from 0.722 to 0.851,

with MAE decreasing from 0.891 to 0.651, and MSE from 1.648 to 1.346. Similarly, nitrate
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predictions improved, with R increasing from 0.802 to 0.942, MAE decreasing from 1.787 to
0.917, and MSE from 6.060 to 1.915. This demonstrates that including microbial community

data enhances model accuracy by providing more comprehensive system information.

With the additional microbial data, RF continued to show strong performance, with consistent
R values ranging from 0.781 to 0.959 for ammonium, 0.621 to 0.846 for nitrite, and 0.920 to
0.964 for nitrate, compared to LR. The highest R values were obtained at 90%, 100%, and 50%
of the data for ammonium, nitrite, and nitrate, respectively. For ammonium and nitrate, R
values greater than 0.90 were achieved with only 50% and 10% of the training data,

respectively, while nitrite predictions required larger data sets to reach an R value above 0.80.

The hybrid theoretical-machine learning approach leverages stoichiometry and kinetic models
to fill in missing data for empirical analysis, offering better predictions for nitrogen
concentrations. Besides, the comparison with LR indicates that ML-Theoretical Model deliver
a better performance even under constraints of limited data, and the predictive performance
improves faster than LR when the data size increases. While traditional theoretical models may
overlook complex microbial interactions, integrating microbial community data allowed this
approach to identify empirical patterns and interactions that theoretical calculations alone
might miss. This combination of methods leads to a more comprehensive understanding of
system dynamics, as demonstrated by the improved predictions over the First Principal Model.
Detailed comparisons between the ML-theoretical approach and the First Principal Model,
including the effects on prediction outcomes, are provided in Supporting Method S3 and

Tables S2-S7.
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Figure 2. Correlation coefficients at different sizes of training data sets as predicted by linear regression (LR)
and random forest (RF). Red vertical line represents the percentage of test data sets (~14%). (A) datasets
without microbial community information; (B) datasets include microbial community information.

3.3 Identification of Key Environmental Factors

Variations from influent to effluent nitrogen compounds concentration depends on several
parameters. For the change in ammonium concentrations in Group 1 (Figure 3A), pollution
load (ammonium with RI of 0.630 and nitrate concentration in the influent with RI of 0.077),

and temperature (RI = 0.074) were the dominant parameters influencing the prediction values.
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These three parameters were also influential when considering microbial community
abundances (Group 2) with RI of 0.570 for ammonium concentration in the influent, of 0.032

for nitrate concentration in the influent, and of 0.017 for temperature.

Temperature, known to be critical for nitrification, is consistent with previous findings %,
especially in relation to the optimal growth rate of Nitrosomonas (25-35°C). Feature selection
from random forest algorithms also revealed that nitrate concentration in the influent
significantly impacts ammonium concentration predictions. Feature selection from random
forest algorithms also revealed that nitrate concentration in the influent significantly impacts

ammonium concentration predictions.

For nitrite concentrations, HRT (RI = 0.236), influent ammonium (RI = 0.207), flow rate (RI
= 0.135), temperature (RI = 0.122), and influent nitrate (RI = 0.106) were identified as key
factors in group 1. These environmental factors were less dominant when microbial data was
incorporated as shown in group 2 where influent ammonium concentration (RI = 0.042), flow
rate (RI=0.032), and temperature (RI = 0.021) remained as influential parameters (Figure 3B).
The relative importance of HRT decreased because microbes — especially in biofilm — depend

in solids retention time rather than HRT

For nitrate concentrations, HRT (RI = 0.685), nitrate concentration in the influent (RI = 0.083),
and pH (RI = 0.072) emerged as the most critical parameters in Group 1. In group 2, nitrate
concentration in the influent (RI = 0.067), ammonium concentration in the influent (RI =
0.047), and pH (RI = 0.045) are the key operational parameters identified (Figure 3B). Similar
to nitrite data sets, the relative importance of HRT decreased because microbes are not
controlled by HRT but solids retention time. Microbiomes removing nitrate presented higher

influence in nitrate concentrations than microbiomes producing nitrate.
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3.4 Discussion of Microbial Interactions

In Group 2 (Figure 3B), which considered microbial community data, specific bacteria played
critical roles in nitrogen transformations. For ammonium concentrations, Paracoccus (RI =
0.043), Muricauda (R1 = 0.018), Thiosocius (RI = 0.015), Sedimenticola (RI = 0.013),
Arcobacter (R1 = 0.012), and Hyphomicrobium (RI = 0.011) in suspension sludge, and
Marinilabiliaceae (R1 = 0.016), Thioalkalispiraceae (R1 = 0.013) and Nitrosomonas (Rl =
0.013) in the biofilm were also identified as influential factors in the change of ammonium
concentrations in group 2. Given that ammonium is removed during the first step of nitrification
as performed by ammonium oxidizing bacteria (i.e., Nitrosomonas), influent ammonium
concentration and temperature are expected as key influential parameters for change in

ammonium concentrations predictions. Hyphomicrobium 7°, Sedimenticola "', Thiosocius ",

and Arcobacter ' in suspension sludge; and Marinilabiliaceae * and Thioalkalispiraceae’ in
the biofilm of GAC reduce nitrate while removing or producing low quantities of ammonium.
Positive correlations were previously found through metagenomic sequencing analyses

between Hyphomicrobium and Paracoccus, and Sedimenticola and Muricauda.*® Paracoccus’

and Muricauda remove organics while producing low quantities of ammonium concentrations.

Nitrosomonas (ammonium oxidizing bacteria) with nitrite production, and Nitrospira (NOB)
and Candidatus Kuenenia (Anammox bacteria) with nitrite removal were expected to lead as
key microbiomes in the change of nitrite concentrations. However, random forest algorithm
suggests that partial denitrifiers have higher influence than Nitrosomonas (RI = 0.019 in
biofilm), Nitrospira (R1 = 0.017 in suspension sludge) and Anammox bacteria (RI = 0.012 in
biofilm) in this PN/AFMBR. This could be due to several reasons. First, partial denitrifiers may
be more adaptable to the varying environmental conditions within the reactor, allowing them

to maintain higher activity levels 7%. Second, the metabolic flexibility of partial denitrifiers
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might enable them to utilize a broader range of substrates including both inorganic and organic
carbon, thus exerting a more significant influence on the overall nitrogen removal process.
Lastly, interactions between partial denitrifiers and other microbial communities could enhance
their relative importance, possibly through synergistic relationships that boost their
effectiveness in nitrogen compound transformation. Further investigation is needed to elucidate

these interactions and their impact on the system's performance.

For nitrite concentration, Marinilabiliaceae (R1 = 0.304) and Arcobacter (RI = 0.055) in the
biofilm, and Thiosocius (Rl = 0.045) in the suspensions sludge were the dominant factors.
Marinilabiliaceae ® and Arcobacter > have been identified as heterotrophic partial denitrifiers
with nitrate reduction to nitrite. Positive correlations between Thiosocius and Arcobacter in
suspension sludge, and with Marinilabiliaceae through intermediate species (i.e.,

Rhodanobacteraceae) in biofilm were identified through previous metagenomic sequencing

7 71

analysis.* Sulfuriflexus”’ and Sedimenticola’ have similar physiological functions to
Thiosocius’® and have been identified as autotrophic partial denitrifiers with nitrate reduction.
Sulfuriflexus (RI = 0.030) and Sedimenticola (R1 = 0.020) in the suspension sludge were also
key influential microbiome. Nitrite has not been found to be consumed nor produced by

Thioalkalispiraceae™ (RI = 0.031) and Pelobacter”’ (RI = 0.019); yet random forest method

found these species in the biofilm to be influential in the change of nitrite concentrations.

In nitrate predictions, Thioalkalispiraceae (R1 = 0.102) and Chromatiales (RI = 0.037) in the
biofilm, and Chromatiales (RI = 0.034) in the suspension sludge are autotrophic denitrifiers
removing nitrate.”*”® Chromatiales demonstrated positive correlation to Methylococcaceae as
investigated by metagenomics sequencing analysis.’’ Methylococcaceae present in biofilm (RI
= 0.035) and suspension sludge (RI = 0.035) reduce nitrate to nitric oxide through methanol
oxidation.?""82 Desulfuromusa (R1 = 0.058) in suspension sludge, and Pelobacter (RI = 0.034)

in biofilm are key microbiome consuming nitrate through heterotrophic dissimilatory nitrate
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reduction to ammonium.””®* Nitrospira in suspension sludge (RI = 0.031), Candidatus
Kuenenia (RI = 0.029) and Nitrospira in biofilm (RI = 0.021) are nitrate producing bacteria
which influenced the change in nitrate concentration as expected.® This also aligns with the
understanding that maintaining stable suppression of nitrite-oxidizing bacteria (NOB) is crucial
for achieving optimal PN/A performance.’* Mariniflexile® in biofilm (RI = 0.035) does not
consume nor produce nitrate but presented positive correlation to Thioalkalispiraceae in

biofilm which might indicate synergistic relationships among them.

Previous PN/AFMBR model groups microbiomes depending on their physiological
functions.*” For example, heterotrophic partial denitrifiers with nitrate reduction to nitrite
within the PN/AFMBR included Arcobacter, Ulvibacter, Lutimonas, and Marinilabiliaceae.
This hybrid approach including machine learning algorithms provided in-depth analysis by
identifying that among all heterotrophic partial denitrifiers, Marinilabiliaceae and Arcobacter
in the biofilm are the key influential microbiomes affecting the change of nitrite concentrations
in saline sewage. Microbiomes identified at the genus level obtained by 16S rRNA gene
sequencing are not handled by traditional biological models. Yet, data sets for statistical-
empirical approach would contain missing data without fixed theoretical calculations as
provided in traditional models. Thus, the integration of both approaches overcomes each

other’s shortcomings and identifies hidden microbial interactions.

3.5 Environmental Implications

This study proposed a hybrid theoretical-machine learning approach framework, highlighting
the feasibility of leveraging limited microbial data for accurate predictions of nitrogen removal
performance. By integrating microbial community data, the framework provides actionable
insights into the key environmental parameters and microbial interactions that influence

nitrogen removal efficiency. Moreover, this research underscores the importance of improving
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microbial data collection methods and integrating them into predictive models. Enhanced
microbial monitoring in full-scale systems could facilitate more precise control over nitrogen
removal processes, leading to better environmental outcomes. By bridging the gap between
pilot-scale experimentation and real-world applications, this study paves the way for the
development of advanced decision-making tools tailored to biological nitrogen removal

systems.

3.6 Limitations & future works

This hybrid method of theoretical calculations and machine learning algorithms has certain
limitations. First, theoretical models depend on known microbiomes and steady-state
assumptions, which can miss dynamic changes in microbial populations. Despite advances in
meta-omics, about 27-60% of the microbiomes in the PN/A FMBR samples were “unclassified.”
As new bacteria are discovered, they can be incorporated into models like the TEE, improving
predictions by updating missing data. Steady-state models also struggle with daily fluctuations
in influent characteristics, requiring random values to fill gaps for unmeasured periods. Besides,
machine learning algorithms need large datasets to train effectively. In this study, 73-88 same-
day measurements were necessary to achieve high correlation predictions for nitrogen
compounds, but collecting and analyzing microbial DNA from such large samples can be
expensive and time-consuming. However, the hybrid approach mitigates individual limitations
by leveraging the strengths of both methods, resulting in acceptable prediction errors using the

random forest algorithm.

Given that random forest algorithms presented well fitted predictions of changes in nitrogen
compounds concentrations of a PN/A FMBR, this hybrid theoretical-machine learning
approach could be tested for other biological wastewater and sludge treatment processes.

Furthermore, hidden microbiomes relationships could be further investigated. Future research
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should explore hidden microbial relationships, particularly interactions between key species
like Thiosocius and Marinilabiliaceae in the biofilm, and further investigate how autotrophic
denitrifiers like Thioalkalispiraceae interact with heterotrophic reducers like Pelobacter.
Additionally, the study identified 11 key genera in both suspension sludge and biofilm that
influence nitrogen concentrations, suggesting the need for further exploration of their
interactions with operational parameters. Future research should focus on validating this
methodology with additional datasets from full-scale systems to ensure its robustness and
generalizability. This validation will help refine the model’s predictive accuracy and further
optimize operational strategies. As full-scale systems often encounter similar challenges, such
as data gaps and fluctuating influent characteristics, this study provides a promising approach

to addressing these limitations.

4. CONCLUSIONS

Traditional sewage treatment processes often face difficulties due to incomplete or invalid data,
which hampers effective optimization and scaling. By utilizing a hybrid theoretical-machine
learning approach, this study successfully bridges these gaps by calculating missing values and
revealing hidden microbial interactions that traditional methods overlook. The main

conclusions are as follows:

1) Random forest consistently outperformed other algorithms, showing robust prediction
accuracy for ammonium, nitrite, and nitrate concentrations, with correlation
coefficients of 0.89, 0.72, and 0.80, respectively.

2) Including microbial community abundance data significantly improved model
performance, revealing critical microbial interactions, particularly for nitrogen

transformation and partial denitrification.

Page 25



535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551
552

553
554
555
556

557
558
559

560
561

3) Key parameters such as temperature, pH, and microbial communities (e.g.,
heterotrophic denitrifiers like Paracoccus, Marinilabiliaceae and autotrophic
denitrifiers, such as Thioalkalispiraceae) were identified as essential for efficient

PN/AFMBR performance.
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