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Abstract: 

Temperature is one of the most crucial state variables in industrial process control, which is 

particularly true for the biochemical conversion of biomass, as in anaerobic digestion. However, 

modeling the effects of temperature changes on anaerobic microbial growth are commonly considered 

in quasi-steady state, neglecting the timely dynamics of microbial adaptation to such phenomena. To 

address this inflexibility, the current work presents a new way for temperature effect calculation that 

improves the simulation efficiency of bioconversion models. The calculation was implemented as a 

function in a dynamic mathematical model of anaerobic digestion, and was validated via the 

simulation of experimental data from two laboratory-scale continuous experiments, involving both 

short- and long-term temperature changes. Model validity was further supported by 16s rRNA gene 

sequencing data. The bioconversion model extended with the new temperature function showed 

significant improvements in simulating the most important dependent variables of the digestion 

process, such as methane production rate and volatile fatty acid concentration during temperature 

variations. Finally, microbial analysis results shed light on the potential reasons for differences 

between simulated and experimental results. Overall, the dynamic temperature function was found to 

be an important addition to the reference model, allowing its user to generate more accurate 

simulations of digestion processes with changing temperature conditions. Furthermore, it can be seen 

as a step towards advanced time series forecasting, with potential benefits for integrated process 

design, process energy optimization and predicting the behavior of full-scale operations affected by 

ambient temperature conditions. 

 

Keywords: anaerobic digestion; BioModel; dynamic effect; microbial growth; temperature   
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1. Introduction 

Anaerobic digestion (AD) is an industrial fermentation technology that is based on natural 

processes and builds upon the metabolic activity of primarily anaerobic microorganisms. During AD, 

relevant bacterial and archaeal species consume, produce and exchange compounds, thus gradually 

converting soluble and insoluble organic substrates to a number of intermediate products and terminal 

gases. These gases are mainly methane (CH4) and carbon dioxide (CO2), but the composition can 

vary according to the input material and operating conditions applied [1]. 

Due to its wide range of applications and the variety of products with potential relevance for 

energy, biotechnology and pharmaceutical industries, AD has long been used for the production of 

mainly bioenergy and also platform chemicals in small- and large-scale applications worldwide [2–

5]. While an extensive amount of technical knowledge has been generated in the fields of engineering, 

biochemistry, monitoring and other disciplines, the microbiological aspects of the system are still 

only partially understood. These started to receive more attention in recent years, due to the 

emergence of next generation sequencing opportunities [6–8]. In an AD system, environmental 

conditions may change continuously or definitely, causing stress to the underlying microbial 

community and potentially affecting process stability and efficiency. For one, microbial sensitivity 

to changes in temperature outside their preferred range was shown to have a significant influence on 

their metabolic activity and growth [9]. Multiple studies have shown, for instance, that the community 

structures differ greatly between anaerobic reactors operated under different temperature conditions 

[10,11], or can be shifted substantially due to changing operation temperature [12,13]. While this 

might affect production stability [14] and plant operability [15] to varying extents, previous research 

has pointed out that temperature-induced process optimization can also improve the economy of AD, 

by lowering operational costs [16] or enabling its combination with other renewable energy 

technologies [17]. Indeed, temperature seems to be one of the most significant parameters shaping 

both AD microbial ecology and plant performance. Despite the apparent influence of environmental 



 

4 

factors and the number of studies already available on the subject, the dynamic effects of temperature 

changes on AD process variables are still obscure. This limits the applicability of targeted 

optimization methods for enhancing microbial bioconversion performance to only steady-state 

temperature conditions. 

Fortunately, computational modeling offers flexible and cost-effective resources to monitor, 

control and even forecast the behavior of complex and seemingly stochastic biological systems. By 

virtualizing and simulating fermentation processes, these models can provide insights into numerous 

operation scenarios at the same time, supporting plant designers ahead of the construction process 

and saving plant managers both time and resources during operation [18]. With regards to AD, the 

past decades have seen an ever-increasing level of detail in dynamic process models [19,20], focusing 

on specific aspects or the whole of the natural process. Two models in particular, the so-called 

BioModel ([21,22]) and the Anaerobic Digestion Model 1 (ADM1, [23]), have become widely used 

for laboratory- and full-scale AD simulation, offering a wide range of functionalities. Using any of 

these models, nevertheless, requires certain assumptions to be made, including the temperature-

dependence of the modeled microbial growth: a trait that directly limits their applicability for 

evaluating AD scenarios with substantial or unforeseen temperature variations. Considering the 

BioModel, for example, the influence of temperature on growth is modeled with a global linear 

correlation, while in the ADM1, this is done via the application of separate growth coefficients that 

can only be used under predefined conditions [23,24]. In both models, another limitation is the 

assumption that microbial growth is only affected by temperature at equilibrium (steady-state), 

without attempting to account for its dynamic effects. Furthermore, as most experiments and full-

scale operations are carried out under either mesophilic or thermophilic temperature ranges, they are 

not intended or expected to incur significant temperature deviations. So far, this has provided no real 

incentive for the development of transient temperature effect modeling in AD, rendering the topic 

fairly unexplored and highlighting the need for the study of more accurate temperature models. 
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At the same time, as engineering robust or specialized microbial ecosystems through modulating 

fermentation temperatures is gaining popularity [25], accurate simulations of system behavior during 

unwanted temperature drops, surges or deliberate shifts start to have a high potential for facilitating 

operation practice [15,26,27]. Not only can these simulations provide guidance to operators on how 

to react to certain temperature effects, but by doing so, they can also reduce individual workloads and 

support long-term ambitions for process automation [28]. In the past, many models have been 

proposed to describe the thermic effect on microbial growth, both in AD contexts [29] and other 

interdisciplinary fields, such as food microbiology [30]. Initially, these drew mainly from the classical 

Arrhenius equation to describe the temperature-dependence of bacterial growth [31], but gradually 

shifted towards more elaborate explanations of the phenomenon, accounting also for the decrease in 

growth beyond optimum temperatures [32]. More recently, Huang et al. [33] used an extended version 

of Arrhenius’ work, namely the Eyring-Polányi equation to design their microbial growth-modulating 

temperature function. Although the new approach proved to generate highly accurate simulation 

curves for the growth of Escherichia coli, it is not applicable in experiments involving complex 

microbial communities. Moreover, the model was designed to provide the steady-state growth rates 

of E. coli under different temperature conditions, but not to describe the temporal variations in growth 

rate due to shifts in temperature. Apparently, the need for a conceptually sound and computationally 

feasible, dynamic temperature effect model remains unfulfilled in advanced AD modeling. 

The present work was therefore prepared to fill this void, aiming to provide a more broadly 

applicable alternative to the temperature-effect simulation methods currently in use. Accordingly, the 

objectives of the study were (1) to develop and test a novel dynamic, microbial growth-limiting 

temperature function in an existing AD model; (2) to calibrate and validate the implementation, 

through simulating select experiments with temperature shifts; and finally (3) to collect microbial 

information about the validation experiments, in support of the simulation results and for providing 

background evidence for the temperature effect on the AD microbiome. 
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2. Materials and Methods 

2.1. Development of the new method 

For carrying out the computational simulations of the various experimental scenarios, a multistep 

dynamic AD model (known as BioModel) was taken as described earlier [21,22,34], using the 

MATLAB programming environment [35]. In the model, the existing or reference temperature effect 

calculation (FTref) allowed for the simulation of temperature variation situations, but did not take into 

account the time requirement of microbial adaptation to changes in temperature. For this reason and 

to offer a solution for the modeling need stipulated in the introduction section, the FTref of the 

BioModel was replaced by a novel function.  

Inspired partly by the mathematical concept of convolution, the new function (FTnew) constitutes 

the product of a long-term temperature adaptation and a short-term temperature response subfunction, 

which are to be described further in this subsection. First, however, some initial information must be 

provided about the rationale behind the development. When talking about growth-modulation in the 

BioModel, the following terms are to be considered (Eq. 1a and 1b): 

𝜇𝜇𝑖𝑖(𝑇𝑇𝑒𝑒 ,𝛺𝛺) = 𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑖𝑖(𝑇𝑇𝑒𝑒) × 𝐹𝐹𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖(𝛺𝛺) Eq. 1a 

𝐹𝐹𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖(𝛺𝛺) =

⎩
⎨

⎧𝐹𝐹𝑖𝑖(𝑝𝑝𝑝𝑝) × 𝑆𝑆𝑛𝑛
𝑆𝑆𝑛𝑛+𝐾𝐾𝑆𝑆𝑛𝑛

× 𝐾𝐾𝐼𝐼𝑚𝑚
𝐾𝐾𝐼𝐼𝑚𝑚+𝑆𝑆𝑚𝑚

, {𝑖𝑖 ∈ ℕ | 𝑖𝑖 ∈ [1; 8] ∧  𝑖𝑖 ≠  4}

𝐹𝐹𝑖𝑖(𝑝𝑝𝑝𝑝) × 𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿

𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿+𝐾𝐾𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿+
𝑆𝑆𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿

2

𝐾𝐾𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿

× 𝑆𝑆𝑛𝑛
𝑆𝑆𝑛𝑛+𝐾𝐾𝑆𝑆𝑛𝑛

× 𝐾𝐾𝐼𝐼𝑚𝑚
𝐾𝐾𝐼𝐼𝑚𝑚+𝑆𝑆𝑚𝑚

, 𝑖𝑖 = 4  Eq. 1b 

where {i ∈ ℕ | i ∈ [1;8]} represents the eight microbial groups contained in the model; FTref is the 

steady-state temperature-dependent maximum growth rate [hour-1 or day-1] assuming the effective or 

actual temperature (Te) to be uniformly effective on the whole group; FOthers represents all other 

growth modulating effects at the given conditions Ω (substrate and inhibitor concentrations, pH, etc.) 

that might influence the growth rate of the group; F(pH) is the growth-modulating pH effect; Sn and 

KSn are the concentration and half-saturation constant of the n-th substrate; Sm and KIm are the 
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concentration and inhibition constant of the m-th inhibitor; SLCFA, KSLCFA and KILCFA are the 

concentration, half-saturation and inhibition constant of long-chain fatty acids; and finally μ(Te,Ω) is 

the specific growth rate [hour-1 or day-1] of a microbial group. Because μ(Te,Ω) and FTref have the 

same units, FOthers shall be unitless, defined on a scale of 0 to 1 to modulate the relative rate of growth 

achievable by the group. For simplicity, FOthers and the dependence of μ on Ω are excluded from the 

subsequent mathematical representations of the model growth calculations, although still being 

considered in the model itself. The reference calculation for the temperature-effect on growth (μ(Te)) 

[21] is given in Eq. 2 and is illustrated in Figure 1.  

𝜇𝜇𝑖𝑖(𝑇𝑇𝑒𝑒) = 𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑖𝑖(𝑇𝑇𝑒𝑒) = �
𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 − 𝛼𝛼𝑖𝑖 × �𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑇𝑇𝑒𝑒�, 𝑇𝑇𝑒𝑒 < 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖

           𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 × 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖−𝑇𝑇𝑒𝑒
𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖−𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖

, 𝑇𝑇𝑒𝑒 > 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖
 Eq. 2 

In the above equation, μ(Te) is the maximum temperature-specific and μmax the maximum 

achievable microbial growth rate [hour-1 or day-1]; Te, Topt and Tmax are respectively the effective, 

optimum and maximum growth temperature [°C]; and α is a regression coefficient. As can be seen 

from the formula, this expression makes the growth rate directly dependent on the effective or actual 

temperature, and in line with Arrhenius’ principle [31] suggests that increasing process temperatures 

lead to increased growth rates. In addition, the reference temperature function also generates rapid 

growth drops at temperatures exceeding Topt, assuming the denaturation of intracellular proteins under 

intolerable thermic conditions. While this correlation provides a conceptually sound estimate for 

long-term changes in microbial growth due to temperature adaptation, it fails to explain short-term 

dynamic growth responses to such changes during the adaptation process.  

To augment this deficiency and increase the utility of the temperature-effect calculation in the 

BioModel, the FTnew implementation was designed and is presented in Eq. 3a-3e. 

𝜇𝜇𝑖𝑖�𝑇𝑇𝑒𝑒 ,𝑇𝑇𝑎𝑎,𝑖𝑖� = 𝐹𝐹𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑖𝑖�𝑇𝑇𝑒𝑒 ,𝑇𝑇𝑎𝑎,𝑖𝑖� = 𝑭𝑭𝑺𝑺𝑺𝑺,𝒊𝒊�𝑇𝑇𝑎𝑎,𝑖𝑖� × 𝑭𝑭𝑫𝑫𝑫𝑫𝑫𝑫,𝒊𝒊�𝑇𝑇𝑒𝑒 ,𝑇𝑇𝑎𝑎,𝑖𝑖� Eq. 3a 
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𝑭𝑭𝑺𝑺𝑺𝑺,𝒊𝒊�𝑇𝑇𝑎𝑎,𝑖𝑖� = �
𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 − 𝛼𝛼𝑖𝑖 × �𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖 − 𝑇𝑇𝑎𝑎,𝑖𝑖�, 𝑇𝑇𝑎𝑎,𝑖𝑖 < 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖

𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 × 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖−𝑇𝑇𝑎𝑎,𝑖𝑖
𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖−𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖

, 𝑇𝑇𝑎𝑎,𝑖𝑖 > 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜,𝑖𝑖
 Eq. 3b 

𝑇̇𝑇𝑎𝑎,𝑖𝑖(𝑡𝑡) = 𝑇𝑇𝑒𝑒(𝑡𝑡)−𝑇𝑇𝑎𝑎,𝑖𝑖(𝑡𝑡)
𝜏𝜏𝑎𝑎,𝑖𝑖

 Eq. 3c 

𝑭𝑭𝑫𝑫𝑫𝑫𝑫𝑫,𝒊𝒊�𝑇𝑇𝑒𝑒 ,𝑇𝑇𝑎𝑎,𝑖𝑖� = 𝑒𝑒
−
�𝑇𝑇𝑒𝑒−𝑇𝑇𝑎𝑎,𝑖𝑖�

2

2×𝜎𝜎𝑖𝑖2  Eq. 3d 

𝜎𝜎𝑖𝑖 = �− 𝑠𝑠ℎ𝑔𝑔,𝑖𝑖
2

2×𝑙𝑙𝑙𝑙 0.5
�
0.5

 Eq. 3e 

In the new implementation, the reference (steady-state) temperature function (FTref) was divided into 

a long-term (steady-state) temperature adaptation term (FSS) and a short-term (dynamic) reaction term 

(FDYN). Besides the maximum growth rate (µmax), the optimum and maximum growth temperatures 

(Topt, Tmax) and the regression coefficient (α), FSS is also dependent on the temperature to which the 

microbial group i is adapted (Ta) at any given moment. Using the effective temperature Te, Ta is 

calculated as shown in Eq. 3c, where τa is an adaptation time constant that controls the time needed 

for the microbial group to adapt to a set temperature. Meanwhile, FDYN describes a bell-shaped curve 

that has its center in Ta and indicates the shock reaction of a given microbial group, when Te changes 

relative to Ta. This dynamic element ensures that temperature can not only increase or decrease the 

model growth rates according to Arrhenius’ principle, but also cause immediate growth disturbance 

responses required to be overcome. In all cases, the extent of growth disturbance due to the deviation 

between effective and adapted temperature is controlled by the bell-shape parameter σ, through a 

constant (shg) that defines the change in degrees Celsius resulting in a drop of the growth to half of 

FSS. A visual comparison of FTref and FTnew is presented in Figure 1 of section 3.1. 

Although the original (effective) temperature-dependence was kept in all physicochemical 

calculations, it was systematically replaced by the new implementation in the calculation of microbial 

growth. The rationale for this lies in microbial metabolism, as the response of complex biochemical 
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systems to temperature changes is fundamentally different from more rapid processes, such as 

dissociation, ionization or gas-liquid mass transfer. A further distinction was made between 

individual model microbial groups, based on their potential sensitivity to disturbances. Accordingly, 

the acetoclastic methanogenic group was separated from the other groups responsible for conversion 

processes upstream from methane production (e.g. acidogenesis and acetogenesis). This decision was 

based on the common observation that methanogens are often considered to be the most sensitive, 

rate limiting group in AD [36], prone to suffer from suboptimal growth conditions when compared 

to other microbial groups. To model this clear contrast and simplify the simulation space, the growth 

rate of the more robust model microbial groups was kept being dependent on FTref (assuming non-

delayed temperature adaptation), while that of the acetoclastic methanogens was replaced by FTnew, 

applying a delay τa,8 > 0 in the temperature adaptation of acetoclastic methanogens. 

2.2. Model validation 

2.2.1. Study 1 (S1) 

Following the model extension, the accuracy of the model was evaluated by comparing its 

simulation results to those of the reference model and to two experimental datasets. Data of the first 

set originated from an earlier experiment [37], where the focus was on monitoring relatively long 

temperature shifts. The experiment was carried out using three laboratory-scale CSTR reactors, 

initially operated at the same temperature (37 °C) until day 50 and subsequently changed to 25, 45 

and 55 °C, for a period of 10 days. Eventually, all reactors were set back to 37 °C on day 60, and 

were kept at this temperature until the end of the experiment. The main reactor operation details of 

the experiment are summarized in Table 1, while further information can be found in the original 

article [37]. 

2.2.2. Study 2 (S2) 

The second experimental dataset originated from a laboratory-scale AD experiment, specifically 

designed to simulate microbial growth lag effects and short-term temperature disturbances. The 
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experiment was carried out in a lab-scale continuously stirred tank reactor (CSTR), with operation 

conditions and substrate characteristics described in Table 1. For the analyses of the relevant process 

variables, such as total solids (TS), volatile solids (VS), total Kjeldahl nitrogen (TKN), total ammonia 

nitrogen (TAN), volatile fatty acids (VFA), biogas composition and pH, methods were taken as 

described in [38]. 

Temperature disturbances were induced at two points of the experiment, after the reactor was 

initially run at steady-state conditions [39] for one HRT. During the first disturbance, the temperature 

was decreased from 53 °C to 40 °C on day 77, together with a decrease in the organic loading rate 

(OLR) from 2.5 to 2 g L-1 d-1 through the removal of the co-substrate. After one day, the temperature 

was reset to 53 °C and time was given for the reactor to reach steady-state production again, before 

the second disturbance. After almost two HRTs, the temperature was increased to 60 °C on day 105 

for one day. After this disturbance, the reactor was again set back to the initial temperature of 53 °C. 

  



 

11 

Table 1: Reactor operation and feed composition data for the two validation studies 

  Study 1 
(S1) 

Study 2 
(S2) 

 

Operation 
conditions 

Working 
volume (V) 0.7 1.8 [L] 

HRT 14 15 [days] 

Toperation 37 53 [°C] 

Tdisturbance 
(period) 

25/45/55 
(50-60) 

40 
(77-78) 

60 
(105-106) 

[°C] 
[day] 

Feed 
loading 

rate 

 manure manure meadow 
grass 

 

OLR 1.8 2 0.5 [g L-1 d-1] 

Period 0 – 112 60 – 77 [days] 

OLR 
 

2 0 [g L-1 d-1] 

Period 77 – 136 [days] 

Feed 
composition 

TS 36.60 a 38.80 926.48 b 

[g L-1] 

VS 25.20 a 30.00 863.97 b 

TKN 2.20 a 2.46 17.92 c 

TAN n.a. 1.38 n.a. 

HPR n.a. 1.02 n.a. 

HBUT n.a. 0.64 n.a. 

HVAL n.a. 0.27 n.a. 

HAC n.a. 3.85 n.a. 

a Values from [37] 
b Values from [39] 
c Calculated from [34] 

n.a. Data was not available (assumed values used for simulation)  
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2.2.3. Parameter selection 

Table 2 provides a summary of the parameter values used in the simulation of the experimental 

datasets. Simulations were run with the BioModel and for comparability purposes, universal τa and 

shg values were used throughout all cases. 

Table 2: Summary of the parameter values used to simulate the temperature effect on microbial 

growth in S1 and S2   

Group BioModel parameter used 

i Name 
µmax α Topt Tmax τa shg 

[h-1] [°C-1 h-1] [°C] [°C] [h] [°C] 

1 Carbohydrate degraders 0.212 3.9×10-3 55 65 

n. d. n. d. 

2 Amino acid degraders 0.266 4.9×10-3 55 65 

3 Lipid degraders 0.022 4.1×10-4 55 65 

4 Long-chain fatty acid degraders 0.023 4.2×10-4 55 65 

5 Propionic acid degraders 0.020 3.7×10-4 53 65 

6 Butyric acid degraders 0.028 5.2×10-4 60 70 

7 Valeric acid degraders 0.029 5.3×10-4 60 70 

8 Acetic acid degraders/Methanogens 0.026 4.7×10-4 55 65 240 3 

n. d.: not defined 

2.3. Microbial analyses 

With regards to S1, raw sequencing data of microbial samples were taken from the open-source 

metagenomics RAST server (mg-RAST, [40]) and were reanalyzed according to the computational 

methods further described for S2. This was necessary, in order to achieve results comparable with the 

analysis of S2. 

Considering S2, samples for microbial analysis were collected from the CSTR in triplicates (5 ml 

each) during the experimental period, at five time points (Figure 4, magenta asterisks). For genomic 

DNA extraction, the PowerSoil® DNA Isolation Kit (MO BIO laboratories Inc., Carlsbad, CA, USA) 
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was used following the manufacturer’s instructions with minor modifications, and the quantification 

of DNA yield was as previously described [41].Amplicon sequences of 16S rRNA gene V4 

hypervariable region were obtained using universal (bacterial and archaeal) PCR primers, i.e. 515F 

and 806R [42]. Illumina MiSeq platform was selected for amplicon sequencing at the Ramaciotti 

Centre for Genomics (Sydney, Australia). All Illumina reads obtained from sequencing were 

deposited in the public database of the National Center for Biotechnology Information (NCBI) under 

the BioProject PRJNA565735, with individual sample accession numbers SAMN12766834, 

SAMN12766835, SAMN12766836, SAMN12766837, SAMN12766838 reported in the sequence 

read archive (SRA) database. CLC Workbench software (V.8.0.2) with Microbial genomics module 

plug in (QIAGEN Bioinformatics, Germany) was used for standard data processing as previously 

described [41]. In particular raw sequencing quality filtering, operative taxonomical units (OTUs) 

clustering and taxonomic assignment using Greengenes v13_8 database as reference were applied. 

The reads obtained per sample were between 140 and 280 thousand, providing enough coverage for 

obtaining a reliable overview of the main taxa present in the AD microbiome [43]. Consensus 

sequences of the dominant OTUs (>0.5% of relative abundance) were confirmed using the BLAST 

software and the 16S ribosomal RNA database (Bacteria and Archaea) of NCBI. Specific threshold 

for taxonomic assignment were adopted from previous work based on similarity values [44]. Finally, 

the MultiExperiment Viewer software (MeV 4.9.0) with complete linkage Pearson correlation was 

used for heat maps and hierarchical clustering analysis [45]. 

2.4. Statistical and visualization methods 

In conjunction with the microbial analyses, a 2-sided Welch’s t-test was performed. To identify 

significant abundance differences of the microbial community between samples, the Statistical 

Analysis of Metagenomics Profiles (STAMP) software was used [46] and p-value thresholds were 

set to 0.05. The R software was used for correlation analyses. Canonical correspondence analysis 
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(CCA) was performed using the VEGAN package v2.4-4, based on Pearson and Non-metric 

Multidimensional Scaling (NMDS) as previously described [47]. 

With regards to simulation regression analyses, the root mean squared errors (RMSE) between 

experimental and simulated data points were calculated. RMSE were chosen to provide quantitative 

information on the goodness-of-fit achieved with the simulations, the calculation of which is 

presented in Eq. 4:  

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑ (𝑦𝑦𝑖𝑖−𝑓𝑓(𝑥𝑥𝑖𝑖))2𝑛𝑛
𝑖𝑖=1

𝐷𝐷𝐷𝐷
 Eq. 4 

where n is the number of experimental data points, DF is the degrees of freedom (n – 2), yi are 

measured and f(xi) are simulated values. Using this metric, the percentage-wise improvements in 

simulation errors were also calculated. For each case study and variable (CH4 or VFA), a scale was 

defined by taking the respective RMSE value of the simulation with FTref as 0% and the perfect fit as 

100%, on which scale the RMSE value of the simulation with FTnew was placed. 

Ultimately, probability plots were drawn to provide a combined normality test for the simulation 

results [48]. Due to the expectation of having normally distributed measurement noise in the 

experimental data, this method was selected to evaluate whether the distribution of experimental data 

points around the simulation curves was normal (signifying good fits), or any of the models was 

under- or overfitting the data. For plotting the results in the different figures, the OriginPro software 

[49] was used. 

3. Results 

3.1. Comparison of temperature functions 

Using the model descriptions given in section 2.1, the behavior of FTref and FTnew is visualized on 

the Te range of 0 to 65 °C and shown in Figure 1. Given the reference model (Figure 1a) assumes 

quasi-stationary temperature conditions (i.e. instant adaptation to temperature changes), its estimates 

for the maximum specific growth rates µ(Te) at different temperatures only depend on the 
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temperatures themselves (colored dots). To offer an example, when changing the operation from 

mesophilic (37 °C) to thermophilic (55 °C) temperature, the reference model would suggest an 

immediate increase in microbial growth rate. This is in contrast to practical experience [15], which 

indicates that such a change would lead to a short-term negative disturbance in microbial activity, 

before the newly adapted community could develop and reach higher growth rates in line with 

thermodynamic expectations. 

 

Figure 1: Different temperature function curves generated with (a) FTref and (b) FTnew, showing the 

calculated growth-modulating effects as a function of the effective (Te) and adapted (Ta) temperatures. 

The parameters in (a) were: μmax = 1, α = 1.8×10-2, Topt = 55 °C, Tmax = 65 °C; the additional parameter 

in (b) was: shg = 3 °C. 

In fact, Figure 1b shows exactly this behavior. Here, the previously direct growth correlations with 

effective temperatures (µSS(Te)) are amended by dynamically correlated growth curves (µDYN(Te,Ta)), 

which depend both on the effective temperatures Te and the maximum growth rates at the 

temperatures to which the microbial communities are adapted (µSS(Ta)). Unlike before, Te is now used 

indirectly to measure its difference from Ta, and determine the immediate growth effect (colored 

curves). With time, Ta gradually gets closer to Te, and the simulated growth recovers to steady-state 

level, as the difference between the two temperatures diminishes.  
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Figure 2 offers a fictive example case, with the purpose of further clarifying the differences 

between the simulation approaches and focusing only on the impact of temperature on growth rates. 

In this example, the operation temperature was 37 °C upon initiation, then on day 10 it was changed 

to 45 °C and finally from day 20 to 60 was set to 37 °C again. Optimum growth rate is assumed to be 

1.0 per day at 55 °C. 

 

Figure 2: Example temperature function curves generated with (a) FTref and (b) FTnew, showing the 

calculated growth-modulating effects as a function of the temperature change from 37 to 45 °C and 

back. Subplot (c) shows the specific growth rates in time, reflecting the conditions visualized in (a) 

and (b). The parameters in (a) and (b) were as stated in Figure 1. For plotting the simulation with 

FTnew in (c), the adaptation time constant τa was chosen as 10 days (240 hours) and shg was 3 °C. 

The temperature increase on day 10 (Figure 2c) results in a concomitant increase of µmax(Te), when 

using FTref for simulation (Figure 2a); on the other hand, FTnew simulates an initial drop in µmax(Te,Ta) 

due to the change in Te, that is followed by a gradual recovery as Ta shifts from 37 to 45 °C (Figure 

2b). The timely effects of these two approaches are compared in Figure 2c. While the curve generated 

with FTref indicates an immediate increase in growth (µ(Te,Ta,t)) upon temperature change, the 

extended model simulation (green curve) appears more realistic. In this case, the temperature change 

causes an initial drop and nearly complete cessation of microbial growth, which starts recovering 
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after a few days as a consequence of the shift in Ta. However, on day 20 the temperature is reset from 

45 °C to 37 °C, causing another disturbance in the growth of the partially adapted microorganisms 

and leading to another drop. Due to the adaptation being far from complete, this second drop remains 

moderate. Naturally, these results are also influenced by the selected parameter values for τa and shg, 

therefore the exemplary role of this case should be re-iterated. Regardless, the new model was 

demonstrated to capture both the long- and short-term microbial growth response to temperature 

changes, and introduce life-like dynamicity to a calculation that is commonly approximated by 

equilibrium. 

3.2. Validation results 

3.2.1. Medium-term temperature changes 

3.2.1.1. Mesophilic temperature decrease (RA) 

Simulations of the case study S1 (Table 1) were run both with the reference BioModel [28] and 

with the extended version; the results are shown in comparison to experimental values in Figure 3. 

Starting with Reactor A (RA) and given the lack of dynamic temperature response in the reference 

BioModel, it appears as no surprise that the result of the simulation with this version of the model 

was almost not affected by the temperature drop after day 50 of the experiment (Figure 3). Although 

a slight decrease in CH4 production could be seen for the duration of the temperature shift, this was a 

direct consequence of the thermodynamically lower growth rate suggested by the reference model. 

Meanwhile, the simulation with the FTnew implementation was much more accurate: especially in 

terms of trends, but the magnitudes were also comparable. The combined effect of the long-term 

growth decrease and the immediate shock led to a significant reduction in methanogenic activity, 

causing an elongated drop in CH4 production and an equally long VFA accumulation period. Indeed, 

microbial analysis (Figure 4, S1) showed that during the temperature shift to 25 °C the community 

had undergone substantial changes. The result was a drop in the abundances of some of the main 

methanogenic species, namely Methanoculleus palmolei OTU056 and Methanosarcina soligelidi 



 

18 

OTU058 (Figure 4, S1b). Similarly, two of the most abundant bacterial OTUs (i.e. Pseudomonas 

caeni OTU02 and Herbinix luporum OTU04) significantly decreased in abundance upon temperature 

drop (Figure 4, S1a). These carbohydrate-degrading bacteria are probably related to the hydrolytic 

step of AD, and are responsible for VFA production. Their dominance was eventually regained 

(partially or completely), following the temperature reset (see Figure 4, S1 and the Supplementary 

Material A2). 

 

Figure 3: CH4 production rates and total VFA concentration values of RA, RB and RC, taken from the 

experiment (black dots), and simulated with the reference and newly extended BioModel (red dashed 

and green solid lines, respectively). Dotted vertical lines and the scales at the top of the graph indicate 

the changes in temperature. Magenta asterisks mark reactor sampling days for microbial community 

analysis. 
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Figure 4: Pearson clustering of the microbial abundances in (a) the four samples taken from Reactor 

A, B and C of S1 on day 50, 60, 70 and 112 of the experiment (reanalyzed after [37]), and (b) the five 

reactor samples taken from S2 on day 77, 92, 105, 113 and 120. Red rectangles and underlining mark 

bacterial and archaeal taxonomic subgroups discussed in more detail. 

3.2.1.2. Mesophilic temperature increase (RB) 

In Figure 3, the measured and simulated data of Reactor B (RB) can also be seen, where the 

temperature was increased from 37 to 45 °C between days 50 and 60. Due to the static response of 

the reference model, the activity of the model methanogens was shown to increase, at a time when 

both the measured and improved simulation data indicated great distress. On the other hand, neither 

of the models could accurately explain the high VFA concentrations measured, although the FTnew 
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implementation was much closer. One reason for this could be that the BioModel assumes the 

existence of eight interconnected model microbial groups, of which only one (the acetoclastic 

methanogenic group) is responsible for the conversion of VFA (acetate) to CH4. Despite the low 

accuracy of VFA simulations, statistical results still showed significant improvements when using 

the FTnew implementation (see in the Supplementary Material A1), similar to those seen for RA. 

3.2.1.3. Mesophilic to thermophilic temperature (RC) 

The last and probably most intriguing simulation scenario was that of RC from case study S1 

(Figure 3). Here, the temperature of the reactor was increased from 37 to as much as 55 °C, and was 

kept at this high level between days 50 and 60. Among the three reactors of S1, the length of the 

recovery period after the temperature disturbance was the longest in RC, affecting both the CH4 

production and VFA concentration significantly. However, while the reference model simulation 

produced an outcome similar to that seen for RB, results from the new model were much more 

accurate. The recovery period was particularly well captured, both in terms of CH4 production and 

VFA concentration. Considering the real methanogenic community (Figure 4, S1b), this long 

adaptation was characterized by an initial increase in the abundance of Methanoculleus palmolei 

OTU056, which was succeeded by the more versatile [50] Methanosarcina soligelidi OTU058 and 

the thermophilic Methanosarcina thermophila OTU057 as the operation temperature was reset to 37 

°C. Yet as shifts in the microbial community cannot be captured with the BioModel, the higher quality 

of simulation fits in this case was probably due to the suitability of the selected simulation parameters. 

With regards to the bacterial population, Lutispora thermophila OTU01 and Bacteroidales sp. 

OTU03 were the dominant microbes in the beginning (responsible for the first steps of AD) and were 

greatly affected from the temperature shock, only to recover their abundance in the long term (Figure 

4, S1a and Supplementary Material A2). The simulation statistics for RC were similar to those of RB, 

and as expected from the visual results, indicated the advantage of the extended model over the 

reference. 
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3.2.2. Short-term temperature changes 

The simulation process of the second validation study (S2) (Table 1) resembled the process of S1 

(Figure 5). 

 

Figure 5: CH4 production rates (a) and total VFA concentration values (b) of S2, taken from the 

experiment (black dots), and simulated with the reference and newly extended BioModel (red and 

green lines, respectively). Dotted vertical lines and the scale at the top of the graph indicate the 

changes in temperature. Magenta asterisks mark reactor sampling days for microbial community 

analyses. 

Clearly, the reference simulation (red lines) yielded relatively unresponsive curves for both CH4 

production rates and total VFA concentrations, while the visible long-term decrease in the simulated 

CH4 production after day 77 was due to the decrease of OLR from 2.5 to 2 g L-1 d-1. On the other 

hand, the new model simulation (green lines) captured both experimental trends significantly better. 
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In terms of CH4 production rates, this meant that even the lowest measured values could be simulated, 

although the recovery trends appeared to be faster than those seen experimentally. This also led to 

the rapid utilization of the accumulated VFA, causing artificial CH4 overshoots directly after the 

temperature was set back to 53 °C. Concerning total VFA concentrations, the accumulation 

phenomenon was predicted after the low and high temperature shocks alike, with simulated values 

reaching peak levels comparable to those measured. Although the novel model remained unable to 

provide an explanation for the long VFA accumulation periods after the shock events, these might 

have been due to other dynamic effects (such as slower recovery than shock reaction) that the model 

does not account for. Furthermore, another reason could have been that the model structure leads to 

inversely proportional changes in VFA concentration and CH4 production simulations, as it was 

indicated previously. In other words, any dynamic changes in the concentration of these methanogens 

would influence the balance between the simulated VFA concentration and CH4 production.  

Statistical analyses of the extended model simulations indicated minor improvements in RMSE 

values compared to the reference values, while the normality of the results remained similar to the 

reference trends (details shown in the Supplementary Material A1). Considering the microbial 

analysis results, these provided qualitative and quantitative support for the simulations. In terms of 

community composition (Figure 4, S2), the stability of the species present throughout the 5 sampling 

points showed that short-term temperature disturbances did not alter the community structure 

significantly, in line with earlier findings [51]. In fact, the main bacterial taxa (e.g. Clostridia sp. 

OTU01 and Bacteroidia sp. OTU02) were decreasing in abundance by less than 1.5-fold 

(Supplementary Material A2). However, when evaluating the changes in the abundances of specific 

taxa, the trends in VFA concentration seem to be justified. More specifically, the low abundances of 

the main archaeal groups (the acetotrophic methanogen Methanosarcina thermophila OTU41 and the 

hydrogenotrophic methanogen Methanoculleus thermophilus OTU43) after the temperature 

disturbances, together with their eventual 2-9 fold significant increase (see Supplementary Material 
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A2) could have been the respective reasons behind prolonged VFA accumulation and its ultimate 

decrease. Such community-level shifts, however, cannot be reproduced by using a single model 

microbial group for acetic acid conversion into methane. 

4. Discussion 

4.1. Evaluation of results 

Using case studies S1 and S2, it was shown that the extended temperature function led to 

significantly improved model simulations. This result was well in line with the aim of the study, 

which was to implement and validate a dynamic temperature function in the microbial growth 

calculation of the BioModel. Nevertheless, some aspects of the simulations would still benefit from 

additional model development. For example, simulations of the total VFA concentration in the two 

studies indicated that the steady-state experimental concentrations could not always be matched 

accurately, in particular between days 20 and 50 of the S1 subcases, or between days 122 and 137 of 

S2. However, this deviation can most probably be attributed to the differences between the complex 

microbial community dynamics and the parameterized structure of the model, resulting in 

comparative inflexibility when simulating systems with significant community changes.  

Another relevant aspect may concern the general quality of extended model simulation fits, given 

the universal set of parameters that was used to generate them. At this point it is important to state 

that while the focus of the present study was on the implementation and validation of the novel 

temperature calculation itself, certain assumptions had to be made. On one hand, this involved the 

selection of the acetoclastic methanogens as the only group with a high sensitivity to variations in 

temperature, keeping the remaining seven groups unaffected by dynamic temperature changes. While 

this was a reasonable simplification based on the well-known sensitivity of methanogens to other 

environmental factors, such as the concentration of inhibitors [52], it can be argued that including 

dynamic temperature dependence in the growth of the other groups and defining different parameters 

for them could have improved the simulation results further. At the same time, the choice of a 
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universal set of temperature calculation parameters could also be disputed, with the plausible 

expectation that the set of parameters for the mesophilic S1 and the thermophilic S2 would be 

different. Once again, the guiding principle during parameter selection was to provide adequate proof 

that the novel concept is generally applicable to various scenarios, and that the extension describing 

the real-life correlation with temperature is qualitatively sound. Furthermore, due to the limited 

amount of available experimental information finding the optimal parameter values for individual 

groups would have been an unrealistic target, one that was consequently not set.  

It is nonetheless clear that selecting specific τa and shg values for the different cases could have 

resulted in more accurate simulation results. Some specific examples are shown in Figure 6, where 

each study case was simulated with the overall best parameters selected from a series of simulations 

with systematic parameter variations. Due to the high-dimensional parameter space of the novel 

model system, both global and local parameter estimation methods (Simulated Annealing and 

Levenberg-Marquardt, respectively) proved to be time-intensive, providing only marginally better 

estimates than the ones selected manually. Highly accurate simulation results could be achieved with 

the new model, given the parameter values were taken more meticulously. In these cases, individual 

VFA concentrations were also simulated and showed good agreement with experimental values (see 

Supplementary Material A1, Figure S5 and S6). 

Even so, for this selection to be generalizable to diverse biological systems, further research is 

required into the temperature-sensitivity of the methanogenic and other functional groups of the 

model. Furthermore, as each model group represents an average community of microorganisms with 

similar functionalities, the effect of temperature on the individual species’ growth rate might vary 

considerably. This and similar aspects necessitate additional investigation into the topic, beyond the 

scope of the present study. 
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Figure 6: CH4 production rates and total VFA concentration values of S1 RA, RB and RC and S2, taken 

from the experiment (black dots), and simulated with the newly extended BioModel (green solid 

lines), using the best parameter values in each case. Parameters for S1 RA: τa = 30 days, shg = 5 °C; 

parameters for S1 RB: τa = 10 days, shg = 2 °C; parameters for S1 RC: τa = 10 days, shg = 4 °C; 

parameters for S2: τa = 10 days, shg = 1 °C. Dotted vertical lines and the scales at the top of the graph 

indicate the changes in temperature. 

4.2. Energy implications of detailed temperature modeling  

Through the simulation of two experimental AD setups with temperature changes of various 

duration and magnitude, it was demonstrated that such impactful dynamics can be predicted reliably, 

using a novel modeling approach. Therefore, it is relevant to assess other, commonly appearing 

temperature-related phenomena in AD that a dynamic temperature model could potentially forecast, 

and which have serious implications on project economy. 
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Firstly, temperature fluctuations introduced during reactor feeding, due to technical limitations or 

system malfunctions may be considered, which can unbalance previously steady-state AD, at which 

point the early containment of unwanted effects is crucial. Depending on the operation conditions, 

minor temperature variations can lead to a significant reduction in biogas production [14], resulting 

in the reduced conversion of organic waste material and concurrently – given the phenomenon is 

experienced in full-scale plants – the accumulation of unrealized revenues. 

On the other hand, some processes allow for minor fluctuations in operation temperature [17] or 

may even benefit from such [53], potentially influencing the economy of AD. In other cases, an 

increase in process temperature can improve the efficiency of conversion and thereby biogas 

production [54], although the adaptation of the relevant microbial communities might become an 

elongated process and eventually lead to unstable performance.  

In pilot- and full-scale AD, a permanent shift of operation temperature may lead to larger [55] or 

smaller [15] gains, in terms of biogas output and the reduction of organic compounds. Under these 

circumstances, nevertheless, economic feasibility requires that the additional monetary and labor 

investments in the altered operation are surpassed by increased revenue streams, therefore accurate 

prognoses on expected costs and benefits are necessary. This is also true for integrated systems, whose 

profitability depends to a great extent on the optimization of their thermal requirements [56], and 

where it is of utmost importance to find the ideal temperature point for operation that maximizes 

process utility. 

In extreme cases, when a process is hit so severely by a temperature shift that the partial or 

complete discard of active biomass becomes necessary, the financial implications become 

overwhelming. In order to avoid similar situations, process change must be preceded by model 

simulations, so that the optimal transition steps can be determined and potential threats (such as VFA 

accumulation or free ammonia inhibition) identified. 



 

27 

If process temperature dynamics could be understood and handled safely, deliberate temperature 

changes – in a manner comparable to feed variations – could also become a control option in 

regulating AD. Among other effects, this would support current efforts in matching energy demand 

variations (e.g. on a weekly basis) or avoiding the flaring of production surplus, and would allow for 

a higher penetration of bioenergy in the current production of renewable energy. 

4.3. Further applications 

Although the functionalities of the dynamic temperature effect calculation were presented through 

BioModel simulations of selected AD experiments, the novel concept established in this work may 

be implemented in other models as well, an example for which could be the ADM1. Considering that 

the ADM1 has previously been successfully applied to the simulation of full-scale anaerobic co-

digestion operations [57,58], and that advanced temperature effect simulation can be relevant for 

forecasting changes in the microbial community [11] or process variables [15] of AD due to altered 

temperatures, the new model appears as a promising extension to AD modeling. Moreover, it can 

potentially be applied to the simulation and optimization of similar and dissimilar anaerobic, or other 

fermentation processes. These might be related to biofuel and bioenergy production, the thermal 

stabilization of organic waste, bacterial biomass conversion to value-added chemicals, ethanol 

fermentation (yeasts) and many other processes applied in the pharmaceutical and cosmetics 

industries. Similar dynamics may also be relevant when simulating shifts in other types of 

environmental variables that require timely adaptation. Among others, these could include shifts in 

pH or the concentration of inhibitory compounds, where the synthesis of reactive microbial cell 

components is time-dependent. Such applications would need additional analyses and could provide 

grounds for interesting future research, furthering the scientific knowledge about the role of 

temperature in bioprocesses at various scales. 
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5. Conclusion 

The effect of temperature on biochemical processes is a well-known dependence and forms an 

important element of describing microbial growth. Like many other fields of biotechnology and 

bioenergy, anaerobic digestion relies heavily on such temperature correlations, and these have been 

studied extensively under experimental conditions. Until recently, modeling the phenomena was 

mostly limited to simplified implementations, although there is an increasing demand for effective 

digital solutions that can reproduce the complexity of contemporary physical applications. In response 

to these trends, the present study provides a new and dynamic method for simulating the temperature-

effect on the growth of complex microbial communities under anaerobic digestion conditions. 

Compared to a reference model without the novel implementation, new model simulations achieved 

significantly higher accuracy when fit to experimental results, both in terms of methane production 

and total volatile fatty acid concentrations. Despite the need for further optimization with more 

diverse and microbiologically detailed information, the new model was shown to be an attractive tool 

for simulating laboratory- and large-scale anaerobic digestion processes with temperature variations. 

Moreover, it could potentially supplement or augment the simulations of other relevant biochemical 

processes as well, where dynamic temperature-dependence plays an important role. 
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