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ABSTRACT 

Process analytical technology (PAT), which espouses the use of in-line analytics to monitor 

critical process parameters (CPPs), critical quality attributes (CQAs) and mathematical 

analyses, was employed to elucidate underlying carbon-source metabolism of a lycopene-

producing E. coli strain during non-induced and induced batch fermentations. In-line dielectric 

and Raman spectroscopies were deployed to monitor real-time culture biomass viability (X), 

primary substrate glucose (S), and intracellular lycopene production (P), together with off-line 

HPLC quantification of broth acetate (A). In-line PAT monitoring enabled identification of two 

distinct metabolic regimes during induced batch run with lycopene accumulation. Biokinetics 

mathematical models using differential-algebraic equations and Monod-type conversions were 

formulated to explain experimentally measured dynamic trends of the state variables X, S, A 

and P during the batch runs. Their optimized model parameters and seven dimensionless ratios 

reflected changes in concentrations or rates relative to glucose, acetate, or lycopene. The 

calculated rates of culture growth, glucose utilization, acetate accumulation, and lycopene 

production revealed salient underlying carbon metabolic shifts and transient trends that 

explained phenomenological observations: such as growth patterns, carbon source usage, 

overflow mechanism, cellular affinity or inhibitory effects, and lycopene cytotoxicity. These 

parameters and dimensionless ratios could be used to compare novel strains, develop in silico 

simulations for scale-up or troubleshoot batch-to-batch variations. 

Keywords:  

Biokinetics modelling; Differential algebraic equations; Escherichia coli metabolism; Process 

Analytical Technology (PAT); In-line monitoring; Lycopene 
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INTRODUCTION 

Escherichia coli is a workhorse microbe in molecular biology. The relative ease of genetic 

manipulation has led to a large body of knowledge in its biochemistry, physiology, and 

genetics, resulting in rapid progress of E. coli metabolic engineering and synthetic biology [1-

3]. Engineered E. coli is widely used for the biosynthesis of secondary metabolites and high-

value chemicals [4]. The carotenoid, lycopene, which has anti-oxidative, anti-cancer and anti-

inflammatory properties [5], is used as a pharmaceutical compound, nutraceutical, functional 

food, and cosmetics additive [6]. Lycopene has been expressed using metabolic engineering 

approaches in fungal, yeast and bacterial strains, and overproduced in E. coli and S. cerevisiae 

[6–9]. One of the efficient metabolic pathways in E. coli that produces lycopene is the 

mevalonate (MVA) pathway [10]. Part of acetyl-CoA, a central metabolite generated from 

pyruvate in the glycolytic process, is converted into a secondary metabolite, MVA, which is a 

precursor to lycopene formation through a series of metabolic reactions along this over-

expressed pathway [7, 9]. Pyruvate is also directed via the respiratory or aerobic fermentative 

pathway to produce energy or acetate, respectively. This metabolic shift is attributed to an 

“overflow metabolism,” caused by the saturation of the limited respiratory capacity of the cell 

[11]. Overflow mechanism refers to the seemingly wasteful strategy of incomplete oxidation 

of primary substrate (most often glucose) to produce metabolites such as lactate, acetate, or 

even ethanol (the ‘overflow’), instead of using following through the respiratory pathway 

despite presence of oxygen [12]. Overflow mechanism occurs ubiquitously among fast-

growing cells, including bacteria, fungi and mammalian cells. Some examples include the 

Crabtree effect observed in S. cerevisiae [13, 14]; bacterial Crabtree effect in E. coli [15] and 

B. subtilis [16]; and Warburg effect observed in tumor cells and cell lines [17, 18]. 

Metabolic pathways modelling in microorganism typically consists of complex interconnected 

networks of tens to hundreds of dynamic biochemical and enzymatic reactions. To understand 

such dynamic behaviour of an organism under different genetic and environmental conditions 

requires the dynamic quantification of intracellular and extracellular metabolites that 

participate in the metabolic pathways coupled to computational metabolic network models [19, 

20]. These models typically estimate reaction rates and associated kinetic parameters using 

enzyme, metabolite and substrate concentrations measured from quantitative metabolomics 

experiments [20]. However, such parameter estimates depend on selecting the “correct set” of 

reactions that represent the cellular metabolism, linking culture nutrient compounds to key 

intracellular intermediates, final product and by-products via model parameters. Often, 
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metabolic pathways and enzymes involved in the expression of particular cellular metabolites 

could be i) unknown, ii) have competing hypotheses on adjacent metabolic pathways causing 

undecided flux dominance, or iii) contain experimentally unmeasurable compounds [20, 21].  

Numerically, as the number of biochemical transformations, fluxes and involved cellular 

metabolites increase in metabolic network modelling, the aforesaid epistemological and 

experimental uncertainties worsen the reliability, interpretability, and applicability of estimated 

model parameters for future predictions. As such, it is not unusual to find competing metabolic 

network models attempting to mathematically describe a set of underdetermined system of 

biochemical reaction equations associated to similar experimental conditions, which is partially 

caused by data overfitting [20]. 

Alternatively, biokinetic models are phenomenological models derived from well-known 

cellular mechanisms that underlie the behaviour of the microbial system or metabolism studied 

[22]. Biokinetics, as the term suggests, describe the dynamic behaviour of a microorganism in 

an environment and relate rates of biomass growth and intra- /extra-cellular product formation 

to extracellular concentrations of substrate and other metabolites, adequately supported by time 

series measurements. In contrast to metabolic network modelling approaches, such 

phenomenological methodology reduces the number of biochemical reactions, chemical 

species, and related parameters by at least an order of magnitude. Moreover, estimated 

parameters in such phenomenological modelling can be interpreted with a physical meaning 

within the context of the biokinetic model equations, and relating to the fermentation operating 

conditions with the microorganism metabolism [23]. 

One of the major challenges encountered during parameter estimation in a numerical model is 

limited and noisy experimental data [24]. Off-line data from broth sampling is often tedious to 

collect should the fermentation extends for days, if not weeks [25]. Quantification often takes 

hours or days to measure such off-line samples through methods like chromatography, 

spectrometry, flow cytometry, etc., and therefore, are typically unusable in real-time bioprocess 

control. Moreover, off-line experimental data is sparsely sampled, especially if several state 

variables are involved in the biokinetics modelling. This leads to aforesaid underdetermined 

numerical conundrum and causes some intractability in estimating parameters in more complex 

biokinetic models, though the extent of mathematical under-determination is much less than 

those typically associated with metabolic flux equations. 
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The Process Analytical Technology (PAT) framework promoted by the U.S. Food and Drug 

Administration (FDA) aims to design, analyse and control manufacturing processes through 

timely on- or in-line measurements of critical process parameters (CPPs) with the goal of 

ensuring final product quality [26–30]. Through the PAT approach, in-line process analytics 

are often deployed, and together with multivariate data analysis allows monitoring of CPPs 

[31–33]. The availability of such abundance of real-time CPPs (or state variables) data aids 

towards overcoming the numerical conundrum of overfitting biokinetics model parameters. 

To the best of our knowledge, there are no reported biokinetics model for E. coli in literature 

that describe its intracellular lycopene production with biomass growth and glucose 

consumption alongside the acetate overflow mechanism. A recent PAT implementation of dual 

in-line Raman and dielectric spectroscopies for tracking real-time CPPs of cell viability and 

intracellular lycopene successfully enabled dynamic decision-making for in-process 

optimizing of high culture viability and product yield. This enabled the yield of an in-house E. 

coli 322 strain to increase 12.3-fold via fed-batch strategy [25]. The biokinetics modelling 

herein utilizes aforesaid in-line spectroscopic data, together with off-line ones, to develop a 

mathematical description of substrate-limited batch cultures in a 10L bioreactor. The resultant 

biokinetics model parameter estimates, together with calculated fluxes and dimensionless 

ratios, shed light on the changes in the cellular metabolism of lycopene-producing engineered 

E. coli 322 strain during non-induced and induced fermentation. Such model development and 

phenomenological understanding is often a critical first step in scale-up experimentation after 

successful shake flask optimization of novel engineered strains. 

MATERIALS AND METHODS 

10L Bioreactor Fermentation Setup 

The biokinetics studies herein was intended for elucidating a better understanding of E. coli 

322 strain that had successfully undergone metabolic engineering to overproduce intracellular 

lycopene [7]. The shake flask protocol developed in-house was adapted for batch cultures in a 

10L bioreactor with unique unbaffled geometry [25, 34], comprising of both non-induced and 

induced fermentations. Details on the unbaffled flat bottomed 10L bioreactor setup, its 

geometry, mixing patterns, steam-in-place sterilization, and process automation of impeller 

stirring, liquid dosing, pH, sterile airflow, culture temperature, and in-line PAT sensors 

deployed have been reported recently [25, 34].  
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The pH during fermentation was monitored by InPro® pH 3100 probe from Mettler Toledo, 

and maintained at 7.0 ± 0.1 using PID controller with sulfuric acid (106.6 𝑔 𝐿−1) and base 

mixture (ammonium hydroxide 14 𝑔 𝐿−1 and sodium hydroxide 20 𝑔 𝐿−1). Aeration with 

sterile compressed air was maintained at 1 vvm using a Brooks mass flow controller along with 

a stirring rate at 300 rpm throughout each batch. The impeller speed was demonstrated to 

achieve well-mixed fluid homogeneity in the 10L bioreactor using computational fluid 

dynamics (CFD) simulations and corroborated with tracer experiments for viscosities ranging 

1 – 6 cP, equivalent to high E. coli cell densities ca. 48 𝑔 𝐿−1 [34]. 

The composition of the chemically defined RMedia has been described earlier [35], with stock 

mixtures prepared from chemical sources with at least analytical grade. Typical final biomass 

grown in shake flask on glucose-limited growth conditions at ca. 37 ֯C yielded OD600 less than 

8.0 (measured at 600 nm with Synergy HT, BioTek (Agilent) microplate reader). Culture and 

media conditions were extended for two 8L batch cultures in the 10L bioreactor. An inoculum 

of ca. 0.3 OD600 of seed culture (prepared in shake flask) was added at the start of each 8L 

batch run with an initial glucose concentration of ca. 15 𝑔 𝐿−1 [35]. For the non-induced batch 

fermentation (Run 1), biomass was cultured in a total volume of ca. 8L without induction, with 

broth temperature maintained at 37.0 ± 0.5 °C using a Huber Unichiller (Ottenburg, Germany), 

pH at 7.0, controlled aeration and mixing as described above. A comparative induced 8L batch 

culture (Run 2) had the same bioreactor operation controls, with injection of 0.1% v/v (total 

volume basis) isopropyl β-D-1-thiogalactopyranoside (IPTG) when biomass reached ca. 1–2 

OD600 to trigger lycopene production. Fermentation broth temperature was also immediately 

turned down after IPTG injection to ca. 30 ֯C and maintained till end of Run 2. 

PAT In-line and Off-line Measurements 

Process related data were measured with both in-line analytical probes and off-line 

instrumentation. The utility of dual in-line Raman and dielectric spectroscopies (DS) for 

reliably monitoring CPPs of E. coli intracellular lycopene estimates (𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1 ) and culture 

viable cell concentration (𝑔𝑉𝐶𝐶  𝐿−1) was demonstrated and reported recently [25]. The same 

were deployed for the non-induced and induced 8L batch cultures herein for elucidating 

phenomenological biokinetics modelling. The Kaiser Optical System RXN2 Raman 

spectrometer was equipped with 500mW InvictusTM diode excitation laser at 785 nm 

wavelength, holographic notch filter and CCD detector. It has an effective spectral range of 

100–3425 cm-1 with 4 cm-1 resolution from the Raman backscatter collected via a 220 mm 
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sapphire-tipped Bio-Optic immersion probe inserted through the bioreactor top plate. Raman 

spectral data was acquired at 5 min intervals, with 3 scans at 15 s laser exposure each. In-line 

dielectric signals of batch fermentation was continuously recorded with DS system from Aber 

Futura Annular probe (⌀12 mm, 450 mm) inserted through the top plate of 10L bioreactor. DS 

probe dual frequency scanning mode at 1120 and 1565 kHz with 90 scans filter to minimise 

signal aberration, along cleaning mechanism activated every 30 min.  

Regular broth sampling from the 10L bioreactor vessel was made through aseptic rapid 

sampling tube [25] for off-line HPLC quantification and biomass readings. Centrifugation of 

aliquots were performed immediately after sampling to obtain cell pellet and clear supernatant 

(in Eppendorf Centrifuge 5810R at 3000 rpm for 10 min). Broth glucose and acetic acid 

chromatographic peaks were separated by 5 µL auto-injections into a Bio-rad Aminex HPX-

87H 300 × 7.8 mm column on HPLC (Agilent Infinity II 1260) with VWD at 210 nm (G1314F) 

and II (G7162A) RID, and analysed by the OpenLab CDS Chemstation edition (Rev.C.01 07 

SR4) software. Cell pellets centrifuged from pipetted 2.0 mL culture drawn immediately after 

sampling were dried in 80 ֯C oven overnight, before measuring the dry cell weight (𝑔DCW) in 

triplicate using the Mettler Toledo XSE105 precision weighing balance (± 0.01 mg). 

DS capacitance and conductivity data in CSV format were recorded, with subsequent analyses 

with MATLAB 9.8 (R2022a). Whereas post-run multivariate data analyses were performed on 

Raman spectral with MATLAB 9.8, following the same approach previously reported [25, 31–

33]. For the batch studies herein, spectral estimates of glucose and lycopene were elucidated 

via the band-target entropy minimization (BTEM) curve resolution prior to performing multi-

linear regression [25, 33], and eventually calibrated with offline data. The calibration plots are 

shown in Supplementary Material Figs. S1 and S2. 

BIOKINETICS MODEL AND PARAMETERS OPTIMIZATION  

A mechanistic model of E. coli metabolism based on previous works [36-38] was recently 

developed [39] with the inclusion of a continuous process of production and reassimilation of 

intracellular acetate, observed even under non-overflow conditions [40-42]. These have 

improved the understanding of acetate production and co-assimilation of both acetate and 

glucose in sugar-limited conditions [40, 41, 43]. In the current work, the biokinetics modeling 

of lycopene-producing E. coli 322 strain extends the macro-phenomenological approach 

developed by Anane et al. [39, 44] to mathematically express the carbon-source metabolism 

towards lycopene formation. A set of ordinary differential equations (ODEs) described three 
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time-dependent state variables, biomass 𝑿(𝒕), extracellular concentrations of primary 

substrate, glucose 𝑺(𝒕), and that of acetate 𝑨(𝒕) (Eqs. 1–3), for both non-induced and induced 

batches. Post IPTG induction, additional equation to express specific rate of lycopene product 

formation, 𝑷(𝒕), was augmented to the earlier system of ODEs. This quartet of differential 

equations mathematically described time evolution of the four state variables, X, S, A and P, 

that were measured experimentally using in-line PAT or off-line analytics described above. As 

there was an observed lag time (𝑡𝑙𝑎𝑔) before lycopene exponentially accumulated in the cells 

(Figs. 3 and 4), the lycopene production differential equation is modified into two distinct time 

regimes of Eqs. 4a and 4b. The observed lag time indicated a metabolic switch to activate the 

lycopene producing MVA pathway. Details for the carbon metabolic switch are mathematically 

described by Eqs. 6a, 6b, 7 and 8 in section Glucose Uptake, Partitioning, Diversion, and 

Conversion below.  

 

𝑑𝑋

𝑑𝑡
= 𝜇(𝑡) ∙ 𝑋 

(1) 

 

𝑑𝑆

𝑑𝑡
= −𝑟𝑆(𝑡) ∙ 𝑋 

(2) 

 

𝑑𝐴

𝑑𝑡
= 𝑟𝐴

𝑒𝑥(𝑡) ∙ 𝑋 

(3) 

 

𝑑𝑃

𝑑𝑡
= 0, ∀𝑡 < 𝑡𝑙𝑎𝑔 

(4a) 
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𝑑𝑃

𝑑𝑡
= 𝑟𝑃(𝑡), ∀𝑡 ≥ 𝑡𝑙𝑎𝑔 

(4b) 

 

Figure 1: Biochemical reaction pathways in carbon metabolism of E. coli 322 strain  

Furthermore, a set of auxiliary algebraic equations, including Monod-type kinetics, 

complemented the four ODEs to macroscopically describe glucose uptake, and partitioning, 

acetate formation through the overflow mechanism, oxidative pathways, and cell maintenance 

in the overall metabolism. The schematic diagram Fig. 1 illustrates the network of biochemical 

reaction pathways from glucose to acetate, lycopene production and biomass formation, with 

their associated model equations. As described below, they were associated with the specific 

rates of glucose uptake and diversion, acetate formation, consumption or excretion, as well as 

lycopene production alongside biomass growth. These algebraic equations (Eqs. 5–13) along 

with earlier ODEs (Eqs. 1–4), its time-dependent biomass growth 𝜇(𝑡), glucose uptake 𝑟𝑆(𝑡), 

acetate excretion 𝑟𝐴
𝑒𝑥(𝑡), and lycopene production 𝑟𝑃(𝑡), formed sets of equations relating to 

three distinct biokinetic models that described non-induced (Run 1) and induced (Runs 2A and 

2B) batch cultures. Full exposition on these biokinetics sets, including their model parameters 

and dimensionless ratios in relation to metabolic pathway affinities, inhibitions and limitations, 

is provided in section Detailed Biokinetics Model of the Supplementary Material.  
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Glucose Uptake, Partitioning, Diversion, and Conversion 

Glucose was the primary carbon source of the E. coli 322 fermentation and its broth 

concentrations appear as the state variable 𝑆(𝑡) in the model equations. Eq. 5 described the 

specific glucose uptake rate§, 𝒓𝑺(𝒕), in 𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1 that accounted for acetate inhibition using 

a Monod-type kinetics with non-competitive inhibition [45]. This uptake rate further relates to 

glucose partitioning for non-induced and induced cases, via Eqs. 6a or 6b respectively, towards 

separate rates for oxidative pathways, 𝒓𝑺 
𝒐𝒙(𝒕), overflow mechanism, 𝒓𝑺

𝒐𝒇
(𝒕), and lycopene 

production, 𝒓𝑺
𝑷(𝒕). The conversion rates of glucose diverted for overflow and lycopene 

formation were modelled in Eqs. 7 and 8 respectively. The rationale for using 𝑟𝑆(𝑡) in Eq. 8 is 

provided below under Phenomenological and Metabolic Understanding Inferred from 

Biokinetics Models – Induced Run 2B. Subsequently, glucose attributed to central metabolism 

involving aerobic respiration, 𝑟𝑆
𝑜𝑥(𝑡), was calculated with Eqs. 6c and 6d. 

𝑟𝑆(𝑡) =
𝑟𝑆

𝑚𝑎𝑥

1 +
𝐴(𝑡)
𝐾𝑖

𝐴

.
𝑆(𝑡)

𝑆(𝑡) + 𝐾𝑆
 

(5) 

Non-induced: 

𝑟𝑆(𝑡) = 𝑟𝑆 
𝑜𝑥(𝑡) + 𝑟𝑆

𝑜𝑓
(𝑡) 

(6a) 

Induced: 

𝑟𝑆(𝑡) = 𝑟𝑆 
𝑜𝑥(𝑡) + 𝑟𝑆

𝑜𝑓(𝑡) + 𝑟𝑆
𝑃(𝑡) 

(6b) 

                                                            
§ The gravimetric dry cell weight of biomass 𝑋(𝑡) (in 𝑔𝐷𝐶𝑊) was estimated in real-time in its equivalent 

viable cell concentration (i.e. 𝑔𝑉𝐶𝐶) through the correlation of in-line dielectric capacitance pF/cm 

readings with off-line measured 𝑔𝐷𝐶𝑊 (see Supplementary Material Fig. S1). 
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𝑟𝑆
𝑜𝑓

(𝑡) = 𝑟𝐴𝑆
𝑚𝑎𝑥

𝑆(𝑡)

𝑆(𝑡) + 𝐾𝐴𝑆
 

(7) 

𝑟𝑆
𝑃(𝑡) = 𝑟𝑃𝑆

𝑚𝑎𝑥
𝑟𝑆(𝑡)

𝑟𝑆(𝑡) + 𝐾𝑃𝑆
 

(8) 

Non-induced: 

𝑟𝑆
𝑜𝑥(𝑡) = 𝑟𝑆(𝑡) − 𝑟𝑆

𝑜𝑓
(𝑡) 

(6c) 

Induced: 

𝑟𝑆
𝑜𝑥(𝑡) = 𝑟𝑆(𝑡) − 𝑟𝑆

𝑜𝑓(𝑡) − 𝑟𝑆
𝑃(𝑡) 

(6d) 

Acetate Reassimilation, Excretion, and Accumulation 

The specific rate of production of intracellular acetate via the overflow route, 𝒓𝑨(𝒕), directly 

arose from glucose diverted via overflow mechanism, 𝑟𝑆
𝑜𝑓

(𝑡). This accounted for an 

intracellular reassimilation term, 𝒓𝑨
𝒊𝒏(𝒕), which explained broth acetate 𝐴(𝑡) consumed, and 

another term denoting excess acetate excreted into the extracellular medium, 𝒓𝑨
𝒆𝒙(𝒕). The latter 

contributed directly to experimentally measured acetate 𝐴(𝑡) via Eq. 3. These acetate rates 

were expressed in 𝑔𝐴 𝑔𝑉𝐶𝐶
−1  ℎ−1, and described by Eqs. 9–11.  

𝑟𝐴(𝑡) = 𝑟𝐴
𝑖𝑛(𝑡) + 𝑟𝐴

𝑒𝑥(𝑡) 

(9a) 

𝑟𝐴
𝑒𝑥(𝑡) = 𝑟𝐴(𝑡) − 𝑟𝐴

𝑖𝑛(𝑡) 

(9b) 
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𝑟𝐴(𝑡) = 𝑌𝐴𝑆 ∙ 𝑟𝑆
𝑜𝑓

(𝑡) 

(10) 

𝑟𝐴
𝑖𝑛(𝑡) =

𝑟𝐴
𝑚𝑎𝑥

1 +
𝑆(𝑡)
𝐾𝑖

𝑆

.
𝐴(𝑡)

𝐴(𝑡) + 𝐾𝐴
 

(11) 

Lycopene Production 

It was assumed that reassimilation of acetate does not contribute directly to lycopene 

production but contributed only towards biomass growth (see Eq. 13 below). Thus, the 

intracellular lycopene productivity for E. coli 322 strain, or its specific rate of lycopene 

production, 𝒓𝑷(𝒕), in 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  ℎ−1, was modeled as Eq. 12a, and when combined with Eq. 

8 yielded Eq. 12b. 

𝑟𝑃(𝑡) = 𝑌𝑃𝑆 ∙ 𝑟𝑆
𝑃(𝑡) 

(12a) 

𝑟𝑃(𝑡) = (𝑌𝑃𝑆 ∙ 𝑟𝑃𝑆
𝑚𝑎𝑥)

𝑟𝑆(𝑡)

𝑟𝑆(𝑡) + 𝐾𝑃𝑆
= ∝𝑃𝑆∙

𝑟𝑆(𝑡)

𝑟𝑆(𝑡) + 𝐾𝑃𝑆
 

(12b) 

∝𝑷𝑺, or equivalently (𝑌𝑃𝑆 ∙ 𝑟𝑃𝑆
𝑚𝑎𝑥), was the regime specific intracellular lycopene productivity 

(in 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  ℎ−1) achieved via MVA pathway given the bioreactor operating conditions fixed 

in this study. As seen in the post-induction phase (Fig. 3), two distinct regimes of biomass 

growth 𝑋(𝑡) along glucose consumption 𝑆(𝑡) were observed as lycopene accumulated in the 

cell culture over time: Run 2A corresponded to an exponential biomass growth, while Run 2B 

corresponded to an inhibitory effect of lycopene on biomass growth (see details in Results and 

Discussion). These two regimes were modeled by introducing a linear term that promoted or 

inhibited the lycopene production, respectively [46] (Eqs. 12c and 12d). The parameter 𝑃𝑐𝑟𝑖𝑡 

in Run 2B (Eq. 12d) reflects predicted the maximum lycopene concentration that was 

achievable due to lycopene cytotoxicity. 
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Run 2A: 

𝑟𝑃(𝑡) = ∝𝑃𝑆∙
𝑟𝑆(𝑡)

𝑟𝑆(𝑡) + 𝐾𝑃𝑆
(1 +

𝑃(𝑡)

𝑃𝑐𝑟𝑖𝑡
) 

(12c) 

Run 2B: 

𝑟𝑃(𝑡) = ∝𝑃𝑆∙
𝑟𝑆(𝑡)

𝑟𝑆(𝑡) + 𝐾𝑃𝑆
(1 −

𝑃(𝑡)

𝑃𝑐𝑟𝑖𝑡
) 

(12d) 

Biomass Growth 

The overall specific growth rate of biomass (𝜇) could be modeled as a combination of several 

contributions, namely, (i) growth due to oxidation of glucose, 𝜇𝑜𝑥(𝑡), (ii) retardation in growth 

due to maintenance of biomass, 𝜇𝑚(𝑡), (iii) growth due to reassimilation of acetate via the 

overflow route, 𝜇𝑜𝑓(𝑡), and (iv) growth due to consumption of extracellular acetate as 

secondary substrate, 𝜇𝐴(𝑡). The overall specific growth rate, 𝜇(𝑡), in h-1, was initially modeled 

with various yield coefficients 𝑌𝑋𝑆
𝑜𝑥, 𝑌𝑋𝑆

𝑜𝑓
, and 𝑌𝑋𝐴, converting corresponding glucose and 

acetate diversion rates into biomass growth: 

𝜇(𝑡) = (𝜇𝑜𝑥(𝑡) − 𝜇𝑚) + 𝜇𝑜𝑓(𝑡) + 𝜇𝐴(𝑡) 

(13a) 

𝜇(𝑡) = 𝑌𝑋𝑆
𝑜𝑥 ∙ (𝑟𝑆

𝑜𝑥(𝑡) − 𝑟𝑚) + 𝑌𝑋𝑆
𝑜𝑓

∙ 𝑟𝑆
𝑜𝑓(𝑡) + 𝑌𝑋𝐴 ∙ 𝑟𝐴

𝑖𝑛(𝑡) 

(13b) 

Preliminary simulations indicated that growth due to acetate reassimilation via the overflow 

route, 𝜇𝑜𝑓(𝑡), or 𝑌𝑋𝑆
𝑜𝑓

∙ 𝑟𝑆
𝑜𝑓(𝑡), was less than ca. 5 % when compared to the overall specific 

growth rate, 𝜇(𝑡). Phenomenologically, the diverted glucose rate, 𝑟𝑆
𝑜𝑓(𝑡), should primarily 

account for acetate formation via overflow mechanism rather than biomass growth. Moreover, 
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the growth accounted by acetate reassimilation was represented by 𝑟𝐴
𝑖𝑛(𝑡) leading to 𝜇𝐴(𝑡). 

Hence, the overall specific growth rate, 𝜇(𝑡), was simplified as: 

𝜇(𝑡) = (𝜇𝑜𝑥(𝑡) − 𝜇𝑚) + 𝜇𝐴(𝑡) 

(13c) 

𝜇(𝑡) = 𝑌𝑋𝑆
𝑜𝑥 ∙ (𝑟𝑆

𝑜𝑥(𝑡) − 𝑟𝑚) + 𝑌𝑋𝐴 ∙ 𝑟𝐴
𝑖𝑛(𝑡) 

(13d) 

Table 1 Summary of experimentally measured state variables, parameters to be optimized and specific 

rates calculated from the biokinetic models 

State variable Model Parameters Estimated Specific Rates** 

Biomass (X) 𝑟𝑚, 𝑌𝑋𝑆
𝑜𝑥, 𝑌𝑋𝐴 𝜇̂, 𝜇𝑚̂, 𝜇𝑜𝑥̂, 𝜇𝐴̂ 

Glucose (S) 𝑟𝑆
𝑚𝑎𝑥, 𝐾𝑆, 𝐾𝑖

𝐴, 𝑟𝐴𝑆
𝑚𝑎𝑥, 𝐾𝐴𝑆, 𝑟𝑃𝑆

𝑚𝑎𝑥, 𝐾𝑃𝑆 𝑟𝑆̂, 𝑟𝑆
𝑜𝑓̂

, 𝑟𝑆
𝑜𝑥̂, 𝑟𝑆

𝑃̂  

Acetate (A) 𝑌𝐴𝑆, 𝑟𝐴
𝑚𝑎𝑥, 𝐾𝑖

𝑆, 𝐾𝐴 𝑟𝐴̂, 𝑟𝐴
𝑒𝑥̂, 𝑟𝐴

𝑖𝑛̂ 

Lycopene (P) 𝑌𝑃𝑆, 𝑃𝑐𝑟𝑖𝑡 𝑟𝑃̂ 

Table 1 compiles all aforesaid model parameters and specific rates associated with the three 

sets of model equations that mathematically describe experimentally observed state variables 

X, S, A, and P, for non-induced and induced cultures. The phenomenological influence of their 

optimised model parameters, i.e., their relation to inhibitory or affinity effects of glucose and 

acetate, towards the specific rates, is further explained in the section Phenomenological and 

Metabolic Understanding Inferred from Biokinetics Models. 

Numerical Optimization for Model Parameters Estimation 

The macro-kinetic models developed above contained 4 ODEs and 13 auxiliary algebraic 

equations. To estimate the optimal parameter values in the set of nonlinear equations (Eqs. 1–

13, and Table 1), corresponding initial values from literature studies of similar microbial 

strains under similar fermentation conditions [39, 44] were chosen as initial guesses (Table S1 

in Supplementary Material). The parameter search space was limited to all positive values 

                                                            
** These estimated specific rates are reported throughout the manuscript without the carat (^) symbol 

that typically signifies estimated values calculated from optimised model parameters after non-linear 

optimisation converges to a solution. 
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above 10-5 during optimization. A cost function that calculates the difference between 

estimated transient state variables X, S, A, P, and their batch fermentation data was used (Eq. 

15). The model equations were integrated with the variable time-step ode15s solver and the 

cost function was minimized using the lsqnonlin subroutine with trust region reflective 

algorithm in MATLAB R2020b®.  

With the use of literature chosen initial guesses for biokinetics model parameter optimization, 

the resulting solution would likely represent a local minimum solution. To find the global 

minimum, the interim local optimal parameter solution sets were used iteratively as guesses for 

subsequent parameters optimization. Initial trial optimizations indicated that 30-50 iterations 

were sufficient to reach a global minimum, wherein there was no longer any significant change 

in the overall RMSE. Therefore, an exhaustive number of iterations (i) equals 50 was chosen 

to arrive at the global optimum solution. This global convergence is demonstrated by plotting 

z-score parameter values against the number of iterations (Eqn. 18). The algorithm to estimate 

global optimal solution from given source of initial guess is summarized in a flowchart (Fig. 

2). It is also noted that only parameter values wherein the change in overall RMSE (Eqn. 16) 

from the preceding iteration was less than 1% were used to calculate the corresponding mean, 

standard deviation and z-score of respective parameters.  
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Figure 2: Schematic flowchart of algorithm for parameter estimation by global optimization. 

Optimization Cost Function 

The model parameters were estimated by solving the optimization problem: 

𝜃⃑
̂

∶= min
𝜃

Φ(𝜃⃑) 

(14) 

𝜃⃑
̂
 was the vector of optimized parameters and Φ(𝜃⃑) was the cost function to be minimized.  

Φ(𝜃⃑) = ∑ Φ𝑘(𝜃)

𝑛𝑝

𝑘=1

= ∑ ∑ {
𝑑̂𝑘(𝜃1, … , … , 𝜃𝑝) − 𝑑𝑘,𝑚

𝑒𝑥𝑝𝑡

max (𝑑𝑘,𝑚
𝑒𝑥𝑝𝑡

)
}

2𝑡𝑒𝑥𝑝𝑡 

𝑚=1

𝑛𝑝

𝑘=1

 

(15) 

Φ𝑘(𝜃⃑) was the cost function for individual state variables, 𝑛𝑝 was the number of state 

variables,  𝑡𝑒𝑥𝑝𝑡 was the experimental sampling time-point and 𝑑𝑘,𝑚
𝑒𝑥𝑝𝑡

 were the experimental 

data points of the model estimated corresponding state variables data 𝑑̂𝑘. A root-mean squared 
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error (RMSE) was computed to estimate the goodness-of-fit of the model solution to 

experimental data, and 𝑛𝑡
𝑒𝑥𝑝𝑡

 was the number of experimental datapoints, according to Eq. 16. 

RMSE = √
1

𝑛𝑝 × 𝑛𝑡
𝑒𝑥𝑝𝑡 ∑ ∑ {

𝑑̂𝑘(𝜃1, … , … , 𝜃𝑝) − 𝑑𝑘,𝑚
𝑒𝑥𝑝𝑡

max (𝑑𝑘,𝑚
𝑒𝑥𝑝𝑡

)
}

2𝑡𝑒𝑥𝑝𝑡

𝑚=1

𝑛𝑝

𝑘=1

 

(16) 

The coefficient of determination, R2, was also calculated to estimate the goodness of fit to 

experimental data (Eq. 17). It was calculated from the ratio of the residual sum of squares 

(RSS) and total sum of squares (TSS), with RSS being a measure of deviation of fitted model 

to experimental data, and TSS being a measure of the variance in the experimental data. 

R2 = 1 −
𝑅𝑆𝑆

𝑇𝑆𝑆
 

 

R2 = 1 −
∑ ∑ {𝑑𝑘,𝑚

𝑒𝑥𝑝𝑡
− 𝑑̂𝑘(𝜃1, … , … , 𝜃𝑝)}

2𝑡𝑒𝑥𝑝𝑡

𝑚=1

𝑛𝑝

𝑘=1

∑ ∑ {𝑑𝑘,𝑚
𝑒𝑥𝑝𝑡

− 𝑑̅𝑘
𝑒𝑥𝑝𝑡

}
2𝑡𝑒𝑥𝑝𝑡

𝑚=1

𝑛𝑝

𝑘=1

 

(17) 

where 𝑑̅𝑘
𝑒𝑥𝑝𝑡

 is the mean of experimental data for each state variable, X, S, A and P.  

During global optimization, a moving-average parameter value (𝜃𝑖̅) was calculated for each 

iteration whose percentage change in RMSE between successive iterations was less than 1%. 

After 50 iterations, a parameter z-score (Eqn. 18) was calculated for every iteration using the 

moving-average and moving-standard deviation of the parameter value at the 50th iteration.  

𝑧𝜃i
=

(𝜃i − 𝜃50
̅̅ ̅̅ )

𝜎50̅̅ ̅̅
 

(18) 

where, 𝜃𝑖 is the parameter value at the ith iteration, 𝜃50
̅̅ ̅̅  is the moving-average parameter value 

after 50 iterations, and 𝜎50̅̅ ̅̅  is the moving-average standard deviation after 50 iterations. 
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There were 12 model parameters in the non-induced case (Run 1), and 16 such parameters in 

both the induced cases, Runs 2A and 2B (Table 1). Notably, there were 16 off-line 

measurements in both Runs 1 and 2A, and 12 off-line measurements in Run 2B. Due to 

insufficient off-line measurements, the model for Run 2B was an underdetermined system; as 

such, using off-line data alone no unique parameter solution set is achievable through 

optimization for Run 2B. Fortuitously, the abundance of data from in-line PAT analytics 

assisted to overcome this mathematical drawback and provided sufficient experimental 

measurements to uniquely determine the model parameters for Run 2B. 

RESULTS AND DISCUSSION 

Observation of Post-induction Metabolic Regime Transition via In-line PAT 

One of the key aspects of this study highlighted the advantages of using PAT in-line analytics 

achieving continuous monitoring and high time-resolution of dynamic state variables. The 

combination of both in-line and off-line analytics data enabled numerical optimisation of the 

model parameters underpinning phenomenological biokinetics described in section Biokinetics 

Model and Parameters Optimization (Eqs. 1–13). In-line PAT monitoring of dielectric and 

Raman spectroscopies, with the latter analysed with multivariate chemometrics, elucidated 

high resolution dynamic data of critical process parameters (CPPs), i.e., viable cell 

concentration (VCC), broth glucose and intracellular lycopene that corresponded to state 

variables X, S and P, respectively. 

This analytical superiority was evident in the case of induced batch fermentation Run 2 (Fig. 

3). Induction with IPTG was performed at batch time ca. 2.38 h when OD600 was ca. 1.4 (not 

shown in Fig. 3). An exponential growth phase was observed in both in-line dielectric 

correlated VCC and off-line dry cell weight (DCW) till batch time ca. 7 h, which was 

accompanied by rapid glucose consumption and lycopene production. However, after ca. 7 h, 

biomass growth was clearly slower along with lower glucose consumption and lycopene 

production. This pointed to a regime transition (ca. 6-8 h). To determine the approximate time 

at which the cell population switched over its metabolic regime, further data analysis was 

performed to in-line glucose and lycopene concentrations. Several significant changes in rates 

were observed: i) a kink in the decreasing glucose concentration profile, ii) a maximum in the 

calculated lycopene productivity (𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  ℎ−1) and iii) a shift in the biomass growth rate 

away from a strong exponential trend to a slower one. Such decrease in rates indicate an 
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intracellular metabolic regime shift, possibly caused by the increased lycopene production that 

was detrimental to biomass growth [47]. Consequently, for computational purposes, the 

induced fermentation biokinetic model was split into two regimes: Run 2A, characterized by 

an exponential biomass growth, increasing lycopene productivity and rapid glucose 

consumption; and Run 2B, characterized by minimal biomass growth, decreasing lycopene 

productivity and slow glucose consumption. The switch between regimes was chosen at batch 

time ca. 6.5 h, when lycopene concentration was ca. 14 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1 , as it corresponded to when 

both a kink in glucose profile and reduction in biomass exponential growth profile was 

simultaneously observed, alongside close proximity to the maximum lycopene productivity 

(Fig. 3). 

 

Figure 3: Profiles of in-line viable cell concentration (𝑔𝑉𝐶𝐶  𝐿−1), off-line dry cell weight (𝑔𝐷𝐶𝑊 𝐿−1), 

in-line and off-line HPLC glucose (𝑔𝑆 𝐿−1), off-line HPLC acetic acid (𝑔𝐴 𝐿−1), in-line and off-line 

intracellular lycopene (𝑚𝑔𝑃  𝑔𝑉𝐶𝐶
−1 ) and calculated lycopene productivity (𝑚𝑔𝑃 𝑔𝑉𝐶𝐶

−1  ℎ−1) during 

induced batch fermentation of E. coli 322 strain in 10L bioreactor. Glucose concentrations are scaled 

down by a factor of 3. Open symbols indicate in-line measurements and closed symbols indicate off-

line measurements. 
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Figure 4: Profiles of in-line viable biomass or cell concentration (𝑔𝑉𝐶𝐶  𝐿−1), off-line dry cell weight 

(𝑔𝐷𝐶𝑊 𝐿−1), in-line and off-line HPLC glucose (𝑔𝑆 𝐿−1), off-line HPLC acetic acid (𝑔𝐴 𝐿−1) and in-line 

and off-line intracellular lycopene (𝑚𝑔𝑃  𝑔𝑉𝐶𝐶
−1 ) during a) non-induced Run 1, b) induced Run 2A and 

c) induced Run 2B batch fermentation of E. coli 322 strain in 10L bioreactor. Glucose concentrations 

are scaled down by a factor of 3. Open symbols indicate in-line measurements, closed symbols indicate 

off-line measurements and solid lines indicate biokinetics time-series predictions with optimized 

parameters.  
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Biokinetic Models Optimized Parameters 

Collating the final optimization results for Runs 1, 2A and 2B, Table S1 in Supplementary 

Material shows the initial guesses, the mean global optimum values and standard deviations of 

the parameters in the biokinetic models for non-induced (Run 1) and induced (Runs 2A and 

2B) batch fermentation of E. coli in the 10L bioreactor. The initial guesstimates for the 

parameters common to Runs 1 and 2 were taken from literature values of E. coli culture [44]. 

The parameters 𝑟𝑃𝑆
𝑚𝑎𝑥, 𝐾𝑃𝑆 and 𝑌𝑃𝑆 in Run 2 were uniquely associated with the lycopene-

producing E. coli 322 strain, and thus have no literature values. Their initial guesses were 

assumed to be of similar magnitude to the literature values of maximum specific rates (𝑟𝑆
𝑚𝑎𝑥, 

𝑟𝐴
𝑚𝑎𝑥, 𝑟𝐴𝑆

𝑚𝑎𝑥), affinity constant (𝐾𝐴𝑆) and yields (𝑌𝑋𝑆
𝑜𝑥, 𝑌𝑋𝐴, 𝑌𝐴𝑆) for glucose and acetate [44]. 

The initial guesses for critical lycopene concentration (𝑃𝑐𝑟𝑖𝑡) for Runs 2A and 2B were assumed 

equal to the initial and final in-line experimental concentrations, ca. 2 and 50 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1 , 

respectively. The converged RMSE values for all the three optimization cases of Runs 1, 2A 

and 2B were below 5.2 × 10-3, while the R2 values were very close to 1.0 (rounded to 4 decimal 

places). The high R2 values were due to the abundance of online experimental data compared 

to only a small number of model parameters (that is, 12–16) in the three biokinetic models 

leading to excellent goodness-of-fit. 

The rate of convergence of the different parameters with iteration number was investigated 

using a plot of parameter z-score versus number of iterations (Fig. 5. For Run 1, Figs. S3 and 

S4 for Runs 2A and 2B). As observed in our initial simulated trials, although the change in 

RMSE between successive iterations was less than 1% beyond 10 iterations (data not shown), 

the optimized parameters reached convergence only beyond 30 iterations. The spread in the 

optimised parameter values for all the iterations is shown as box plots in Fig. 6 for Run 1. Jo
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Corresponding box plots for Runs 2A and 2B are shown in Figs. S5 and S6 in the 

Supplementary Material, respectively. 

 

Figure 5: Rate of convergence for optimised parameters in Run 1 versus number of iterations.  

 

Figure 6: Spread in optimised parameter values for Run 1 over 50 iterations (a) Parameter values < 

0.04 (b) Parameter values between 0.1 – 2 (c) Parameter values > 5. 
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The box plots of some parameters show outliers that correspond to initial iterations (i < 30). 

However, the spread of the individual parameters lies within a narrow range indicating minimal 

deviations of parameter values post-convergence. 

Corroboration of Biokinetics Model Predictions with Experimental Data 

The dynamic growth, consumption, accumulation and production trajectories of state variables, 

X, S, A and P, predicted by the optimized biokinetics model, well represented the in-line PAT 

dielectric and Raman data, and off-line HPLC and UV-Vis measurements with minimal error 

(Fig. 4). Glucose concentrations in Figs. 3 and 4 were reduced by a factor of 3 for visual 

presentation purposes.  

The biokinetics model parameters for biomass (X), broth glucose concentration (S), and 

specific intracellular lycopene produced (P), were optimized based on in-line PAT data. The 

viable cell concentration in biomass (𝑔𝑉𝐶𝐶  𝐿−1) were estimated by calibrating off-line DCW 

(𝑔𝐷𝐶𝑊 𝐿−1) to in-line dielectric capacitance (𝑝𝐹 𝑐𝑚−1), Fig. S1 in Supplementary Material. 

In-line Raman data yield both S and P time-series values through multivariate chemometrics 

(Fig. S2 in Supplementary Material). As for acetate concentrations, its corresponding model 

parameters were optimized based on off-line HPLC acetate data since in-line measurements 

were not available. Moreover, the in-line PAT continuous monitoring advantage of state 

variables X, S and P in between sampling times, especially during overnight hours ca. 7.5–22.5 

h (Fig. 4c), helped resolve the aforesaid underdetermined model parameter optimization issue 

in Run 2B (see section Optimization Cost Function). 

During non-induced fermentation Run 1 (Fig. 4a), both in-line and off-line data, consumption 

and accumulation patterns of glucose (S) and acetate (A) concentrations followed an 

exponential viable biomass (X) growth pattern. The DCW off-line data at ca. 7.4 h is as shown 

in Fig. 4a, but corresponding off-line acetate and glucose concentrations were missing due to 

HPLC run problems. Fortunately, in-line Raman data estimates for glucose concentrations 

during the overnight period ca. 6.4–7.4 h were available for biokinetics model optimisation. 

For Run 2A, the off-line DCW measurements monotonically increased, whereas the dielectric 

capacitance and corresponding viable biomass estimates indicated a slight decrease at batch 

time ca. 2.5–3.10 h (Fig. 4b). This corresponded to a lag time (𝑡𝑙𝑎𝑔) that was observed from 

the first sampling post IPTG induction (ca. batch time 2.55 h) to ca. 3.5 h. Although some 

lycopene was produced during this period, ca. 1.5 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1 , minimal lycopene accumulation 
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was observed. Both 𝑡𝑙𝑎𝑔 and drop in viable biomass were indicative of the cellular metabolic 

switch to promote glucose diversion into the MVA pathway for lycopene production (Eqs. 8 

and 12c). Several computational trials were performed for parameter optimization in Run 2A 

to account for both the in-line dielectric viable biomass and observed 𝑡𝑙𝑎𝑔. The lowest RMSE 

and best fit was found by setting 𝑡𝑙𝑎𝑔 in Eq. 4 to 3.5 h and optimizing parameters using in-line 

data starting from ca. 3.1 h that corresponds to minimum viable biomass (ca. 1.22 𝑔VCC 𝐿−1). 

The batch times for Runs 1 and 2A were intentionally carried out to have an overlap between 

ca. 3–6.6 h for comparing the biokinetics without and with IPTG induction (Figs. 4a and 4b). 

Run 2B continued beyond Run 2A for batch time ca. 6.5 – 22.5 h (Fig. 4c), with both sharing 

the same off-line data at ca. 6.6 h, since this sampling point fell within the aforesaid regime 

transition. The biomass grew to a higher concentration during Run 1 (ca. 5.1 𝑔𝐷𝐶𝑊 𝐿−1), as 

compared to the lower concentration during Run 2A (ca. 2.1 𝑔𝐷𝐶𝑊 𝐿−1), over ca. 4–5 h of 

fermentation time. This was due to a lower temperature (30 °C) during induced fermentation 

versus a higher temperature during non-induced fermentation (37 °C), as well as diversion of 

glucose from cellular growth to lycopene production post-induction [48]. The switch in cellular 

metabolic regime from Run 2A to Run 2B was accompanied by an increased cellular stress due 

to intracellular lycopene accumulation and cytotoxicity, thus exacerbating the decrease in 

growth rate [47]. This was reflected in a minimal biomass growth during Run 2B, reaching ca. 

2.5 𝑔𝑉𝐶𝐶  𝐿−1, over ca. 16 h of fermentation time (Fig. 4c). More details associated with this 

metabolic switch and lycopene production stress from the elucidated biokinetics modelling is 

expounded in Induced Run 2B segment of the section Phenomenological and Metabolic 

Understanding Inferred from Biokinetics Models. Also, the in-line viable cell concentration 

(VCC) readings showed large oscillations during Run 1 (with periodicity ca. 3 h) and was 

contrasted by minimal oscillatory behavior during Run 2. The stronger viability oscillations 

were attributed to the synchronous and asynchronous growth cycles observed during the non-

induced exponential growth [49]. The smaller periodic swing observed in the viable cell 

population during induced fermentation could be attributed to the simultaneous production of 

intracellular lycopene along with much slower cell growth and maintenance. 

Glucose (S) and acetate (A) concentrations in the broth were compared near the end of Run 1 

(at 6.4 h) and around the metabolic switch time in Run 2A (ca. 6.6 h), were observed at ca. 9.0 

𝑔𝑆 𝐿−1 and ca. 10.6 𝑔𝑆 𝐿−1, respectively. This indicated a slightly faster glucose consumption 

during Run 1 to support a higher biomass growth. Relatively more acetate was produced in 

Jo
ur

na
l P

re
-p

ro
of



24 

Run 1 (ca. 0.61 𝑔𝐴 𝐿−1) than in Run 2A (ca. 0.34 𝑔𝐴 𝐿−1) during the overlapped batch time. 

Lower concentrations of biomass viability concentration (X) and acetate in Run 2A compared 

to Run 1 indicated the diversion of glucose and metabolic resources towards lycopene 

production at the expense of biomass growth and overflow route to acetate production. 

Furthermore, for Run 2B that extended beyond Run 2A for another ca. 16 h, glucose 

concentration fell to ca. 4.66 𝑔𝑆 𝐿−1, along a drastic reduction of biomass viability into a 

relatively “stationary” phase, ca. 2.25–2.48 𝑔𝑉𝐶𝐶  𝐿−1, and continued accumulation of both 

intracellular lycopene and broth acetate, reaching ca. 49.15 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  and ca. 0.94 𝑔𝐴 𝐿−1 

respectively. 

In-line Raman monitoring of lycopene production during Runs 2A and 2B displayed a clear 

sigmoidal increase in specific lycopene concentration over time. The turning point of this 

sigmoid corresponded to the metabolic regime transition mentioned previously. In Run 2A, 

after an initial 𝑡𝑙𝑎𝑔, there was a rapid production of lycopene along a concave ascent with slow 

exponential viable biomass growth. In contrast, during Run 2B, the lycopene production rise 

slackened along a convex trend accompanied by aforesaid “stationary” biomass phase 

measured, suggesting that the entire cell population had reached the maximum limit of 

lycopene production constrained by fermentation conditions of 1 vvm, 300 rpm and no addition 

of glucose or other essential nutrients. 

In the next section, further understanding of changes in the state variables X, S, A and P with 

batch time is revealed from calculated specific rates of biomass growth, glucose consumption, 

acetate accumulation and lycopene production derived from respective biokinetics models. 

Phenomenological and Metabolic Understanding Inferred from Biokinetics Models 

The optimized parameters and calculated specific rates in the aforesaid three biokinetics 

models, under induced and non-induced conditions, provide phenomenological insights of 

intrinsic biokinetics underlying the engineered E. coli 322 strain during batch fermentation. 

Fig. 7 plots the calculated specific rates of biomass growth, glucose utilization, acetate 

accumulation and lycopene production. The top, middle and bottom rows in Fig. 7 correspond 

to Runs 1, 2A and 2B, respectively. The left column corresponds to various specific rates of 

biomass growth and lycopene production, while the right column shows specific rates of 

glucose uptake or diversion and acetate related ones in the respective runs. 
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The metabolic significance of seven optimized model parameters alongside temporal state 

variable concentrations glucose, 𝑆(𝑡), acetate, 𝐴(𝑡), and lycopene, 𝑃(𝑡), were expressed as 

dimensionless relative ratios, to either a measured state variable or one of their calculated 

specific rates, over the respective batch times for the different runs. Most of these ratios 

reflected the intrinsic metabolic influences, that is inhibitory or affinity effects, of glucose and 

acetate concentrations towards the specific rates, 𝑟𝑆(𝑡), 𝑟𝑆
𝑜𝑓(𝑡),  𝑟𝑆

𝑃(𝑡), 𝑟𝐴(𝑡), 𝑟𝐴
𝑖𝑛(𝑡) and 𝑟𝑃(𝑡). 

Collectively, these seven ratios are listed with their metabolic significance:  

1. Eq. 5, 𝐴(𝑡) 𝐾𝑖
𝐴⁄ : inhibitory effect of extracellular acetate on glucose uptake;  

2. Eq. 5, 𝐾𝑆 𝑆(𝑡)⁄ : microbial affinity for glucose uptake;  

3. Eq. 7, 𝐾𝐴𝑆 𝑆(𝑡)⁄ : microbial affinity for overflow mechanism, i.e. glucose diversion from 

external glucose uptake towards acetate production;  

4. Eq. 8, 𝐾𝑃𝑆 𝑟𝑆(𝑡)⁄ : tendency of microorganism to divert glucose towards product formation;  

5. Eq. 11, 𝑆(𝑡) 𝐾𝑖
𝑆⁄ : inhibitory effect of glucose on reassimilation of extracellular acetate;  

6. Eq. 11, 𝐾𝐴 𝐴(𝑡)⁄ : microbial affinity for reassimilation of extracellular acetate;  

7. Eq. 12d, 𝑃(𝑡) 𝑃𝑐𝑟𝑖𝑡⁄ : lycopene production transient trajectory and maximum limit. 

 

Non-induced Run 1 

The overall specific rate of biomass growth (𝜇) decreased monotonically from ca. 0.52–0.31 

h-1 with some tailing towards the end. Over the course of Run 1, the contribution of direct 

oxidation of glucose less maintenance (𝜇𝑜𝑥 − 𝜇𝑚) to overall biomass growth (𝜇) decreased 

from ca. 79% to 36%, while that of reassimilation of acetate (𝜇𝐴) increased from ca. 21% to 

64%. These trends indicate biomass primarily grew by direct oxidation of glucose rather than 

by reassimilation of acetate as a secondary substrate during most of Run 1, until ca. 6.0 h when 

𝜇𝐴 exceeded (𝜇𝑜𝑥 − 𝜇𝑚). The parallel transient monotonic decrease in the overall substrate 

uptake rate 𝑟𝑆(𝑡), ca. 30%, was reflected as a proportional monotonic decrease in overall 

specific growth rate 𝜇(𝑡), ca. 39%. Moreover, from Eq. 5, based on the optimized parameter 

values for 𝐾𝑖
𝐴 and 𝐾𝑆 for Run 1, the decrease in overall glucose uptake, 𝑟𝑆(𝑡), was due to an 

overpowering acetate inhibition effect 𝐴(𝑡) 𝐾𝑖
𝐴⁄  (ranges ca. 0.14–0.63) with increasing 

extracellular or broth acetate concentration. This was coupled with excess broth glucose 

indicated by the strong microbial affinity for glucose, as observed by the dimensionless ratio 

𝐾𝑆 𝑆(𝑡)⁄  ranging ca. 2 × 10-3 – 5 × 10-3. 
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Figure 7 Calculated specific rates from biokinetics model. Left column: Simulated specific rates of 

biomass growth (ℎ−1), including biomass growth due to glucose consumption via direct oxidation, 

except cellular maintenance (𝜇𝑜𝑥 − 𝜇𝑚); reassimilation of acetate (𝜇𝐴) and overall specific growth rate 

(𝜇); and lycopene production (𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  ℎ−1). Right column: Simulated specific rates of glucose 

utilization (𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1), including overall glucose consumption (𝑟𝑆), glucose consumption for acetate 

production via overflow route (𝑟𝑆
𝑜𝑓

), direct oxidation of glucose into the TCA cycle (𝑟𝑆
𝑜𝑥) and glucose 

redirected into lycopene production via MVA pathway (𝑟𝑆𝑃); and production (𝑟𝐴), reassimilation (𝑟𝐴
𝑖𝑛) 

and excretion of acetate (𝑟𝐴
𝑒𝑥) in 𝑔𝐴 𝑔𝑉𝐶𝐶

−1  ℎ−1. Top Row: Non-induced Run 1. Middle Row: Induced 

Run 2A. Bottom Row: Induced Run 2B. 

Details on how the aforesaid dimensionless relative ratios, specific rates and biokinetics models 

mathematically describe the phenomenological transient changes of state variables observed 

experimentally, and relating to intrinsic metabolic inferences, for both non-induced and 

induced cases, are expounded below.  
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As for the overflow mechanism in Run 1, its negligible 𝐾𝐴𝑆 value of 1.89 × 10-5  

𝑔𝑆 𝐿−1 indicated excess broth glucose concentrations triggered the overflow metabolism, 

which is well-known in literature [12, 14]. Furthermore, as described by Eq. 7, a constant 

glucose rate into overflow mechanism, 𝑟𝑆
𝑜𝑓(𝑡), ca. 0.50 𝑔𝑆 𝑔𝑉𝐶𝐶

−1  ℎ−1, was a consequence of a 

negligible acetate production affinity over time, as reflected by the values of 𝐾𝐴𝑆 𝑆⁄ (𝑡) below 

ca. 3.01 × 10-6. This led to a constant rate of intracellular acetate production, 𝑟𝐴(𝑡), ca. 0.24 

𝑔𝐴 𝑔𝑉𝐶𝐶
−1  ℎ−1 (Eq. 10, Fig. 7 top row). This 𝑟𝐴(𝑡), though constant, comprised of transient rates, 

𝑟𝐴
𝑖𝑛(𝑡) and 𝑟𝐴

𝑒𝑥(𝑡), according to Eq. 9a. From Eq. 11, rate of acetate reassimilation, 𝑟𝐴
𝑖𝑛(𝑡), 

increased due to a decrease in glucose inhibition effect 𝑆(𝑡) 𝐾𝑖
𝑆⁄  (ranges ca. 0.61–0.27), with 

decreasing glucose concentrations, coupled to an increase in microbial affinity for acetate 

reassimilation via the ratio 𝐾𝐴 𝐴(𝑡)⁄  (ranges ca. 0.72–0.16). This rising 𝑟𝐴
𝑖𝑛(𝑡) trend 

consequently decreases the rate of acetate excretion, 𝑟𝐴
𝑒𝑥(𝑡), as in Eq. 9b (Fig. 5 top row). Eq. 

3 relates experimental HPLC values of broth acetate, 𝐴(𝑡), to 𝑟𝐴
𝑒𝑥(𝑡) and biomass, 𝑋(𝑡). 

Despite the decrease in 𝑟𝐴
𝑒𝑥(𝑡), broth acetate concentrations increased due to more significant 

biomass growth. 

According to Eqs. 13c and 13d, the specific growth rates, 𝜇𝑜𝑥(𝑡)and 𝜇𝐴(𝑡), were directly 

proportional to the specific glucose consumption rate via direct oxidation, 𝑟𝑆
𝑜𝑥(𝑡), and acetate 

reassimilation rate, 𝑟𝐴
𝑖𝑛(𝑡), via their respective yield coefficients, 𝑌𝑋𝑆

𝑜𝑥 and 𝑌𝑋𝐴. Consequently, 

in Fig. 7 top row, the monotonic decrease of biomass growth in Run 1 resulting from direct 

oxidation of glucose, (𝜇𝑜𝑥(𝑡) − 𝜇𝑚) from ca. 0.41–0.11 h-1 mirrored the intracellular 

monotonic decrease of glucose consumption via direct oxidation, 𝑟𝑆
𝑜𝑥(𝑡), from ca. 0.38–0.12 

𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1. Likewise, the monotonic increase in biomass growth due to acetate 

reassimilation, 𝜇𝐴(𝑡), from ca. 0.11–0.20 h-1, paralleled the monotonic increase in extracellular 

acetate reassimilation rate, 𝑟𝐴
𝑖𝑛(𝑡), from ca. 0.12–0.22 𝑔𝐴 𝑔𝑉𝐶𝐶

−1  ℎ−1. 

Induced Run 2A 

In contrast to Run 1, Run 2A was conducted at 30°C post IPTG induction to produce 

intracellular lycopene. The overall specific rate of biomass growth, 𝜇(𝑡), in Run 2A was 2–3 

times lower and remained relatively constant at ca. 0.15 h-1 (Fig. 7 middle row). Moreover, 

partly due to the production of lycopene, 𝑟𝑝(𝑡) in Run 2A, contribution of direct oxidation of 

glucose less maintenance (𝜇𝑜𝑥 − 𝜇𝑚) to overall biomass growth (𝜇) was surprising lower than 

that from reassimilation of extracellular acetate (𝜇𝐴). Also, the percentage contribution of 
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(𝜇𝑜𝑥 − 𝜇𝑚) towards overall growth rate (𝜇) decreased gradually from ca. 41% to 34%, which 

was balanced out by 𝜇𝐴 rise from ca. 59% to 66%. These predictions showed that during the 

initial post-induction Run 2A, biomass growth was attributed by preferential reassimilation of 

acetate as a substrate, rather than directly from glucose. This was corroborated by 𝑟𝑆
𝑃(𝑡) values 

in Fig. 7 middle row, which accounted for ca. 55% of 𝑟𝑆(𝑡), indicating a large part of 

extracellular glucose uptake rate was diverted towards lycopene production (Eq. 6b). 

Both the parameters 𝐾𝑖
𝐴 and 𝐾𝑆 values were comparable in magnitude and value in Runs 1 and 

2A (Table S1 in Supplementary Material). However, due to IPTG influence, the acetate 

concentrations, 𝐴(𝑡), around similar batch times in these two runs were different (Fig. 3a and 

3b). In Run 1, 𝐴(𝑡) ranged from ca. 0.16–0.61 𝑔𝐴 𝐿−1, whereas in Run 2A, they ranged from 

ca. 0.24–0.34 𝑔𝐴 𝐿−1. In Run 2A, there was a muted acetate inhibition effect compared to Run 

1, as the dimensionless ratio 𝐴(𝑡) 𝐾𝑖
𝐴⁄  in Run 2A was much lower at ca. 0.18–0.26. The values 

for the ratio 𝐾𝑆 𝑆(𝑡)⁄  in Run 2A ranged ca. 0.01–0.02, indicating a 3-6 fold higher glucose 

affinity than in Run 1. In combination, these contributed towards Run 2A glucose uptake rate, 

𝑟𝑆(𝑡), with a slight decline (ca. 0.60 𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1), which was notably lesser than the calculated 

𝑟𝑆(𝑡) for Run 1 (ranges ca. 0.88–0.61 𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1). It is inferred for non-induced Run 1, its 

stronger biomass growth arose from the larger total of glucose uptake without IPTG influence. 

The optimized value for parameter 𝐾𝐴𝑆 in Run 2A was ca. 0.06 𝑔𝑆 𝐿−1, which was ca. three 

orders of magnitude larger than that in Run 1 (Table S1 in Supplementary Material). However, 

values for the ratio 𝐾𝐴𝑆 𝑆(𝑡)⁄  were less than ca. 5.8 × 10-3 during Run 2A. Similar to Run 1, 

this indicated a relatively high affinity for diverting glucose towards acetate production (Eq. 

7), therefore triggering the experimentally observed overflow mechanism (Fig. 3b). 

Consequently, this led to a constant glucose consumption via the overflow route, 𝑟𝑆
𝑜𝑓(𝑡), ca. 

0.112 𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1, and subsequently, a constant rate of acetate production, 𝑟𝐴(𝑡), ca. 0.065 

𝑔𝐴 𝑔𝑉𝐶𝐶
−1  ℎ−1 (Eq. 10). Compared to Run 1, 𝑟𝑆

𝑜𝑓(𝑡) in Run 2A was ca. 4.4 times lower, resulting 

in ca. 3.6 times lower 𝑟𝐴(𝑡).  

The optimized value of parameter 𝐾𝑖
𝑆 in Run 2A was ca. 40% lower than that in Run 1 (Eq. 

11; Fig. 7 middle row; Table S1), leading to a more significant glucose inhibition effect 

𝑆(𝑡) 𝐾𝑖
𝑆⁄  (ranging ca. 0.90 – 0.70). On the other hand, parameter 𝐾𝐴 in Run 2A was vanishingly 

small leading to remarkably low values of the ratio 𝐾𝐴 𝐴(𝑡)⁄  (ca. 1.1 × 10-4 – 0.8 × 10-4). This 

led to a marked increase in the microbial tendency to reassimilate acetate. These ratios 
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contributed to a more gradual increase in 𝑟𝐴
𝑖𝑛(𝑡) in Run 2A at a lower magnitude (ca. 0.047–

0.054 𝑔𝐴 𝑔𝑉𝐶𝐶
−1  ℎ−1), as compared to the corresponding sharper increase and higher values in 

Run 1 (ca. 0.12–0.23 𝑔𝐴 𝑔𝑉𝐶𝐶
−1  ℎ−1). Despite the much lower 𝑟𝐴

𝑖𝑛(𝑡) in Run 2A, as previously 

mentioned, there was a major contribution of 𝜇𝐴 (ca. 0.09–0.10 h-1) towards a smaller 𝜇 that 

was almost constant (ca. 0.15 h-1). This was because firstly, the larger ca. 66% drop in 𝑌𝑋𝑆
𝑜𝑥 in 

Run 1 (ca. 1.107 𝑔𝑉𝐶𝐶  𝑔𝑆
−1) as compared to Run 2A (ca. 0.368 𝑔𝑉𝐶𝐶  𝑔𝑆

−1), and the ca. 52% 

difference in 𝑌𝑋𝐴 values of Run 1 (ca.0.897 𝑔𝑉𝐶𝐶  𝑔𝐴
−1) to Run 2A (ca. 1.854 𝑔𝑉𝐶𝐶  𝑔𝐴

−1); and 

secondly, a much lower and relatively constant 𝑟𝑆
𝑜𝑥 value in Run 2A (ca. 0.15 𝑔𝑆 𝑔𝑉𝐶𝐶

−1  ℎ−1),  

due to lycopene production, in contrast to Run 1 (decreasing ca. 0.38–0.12 𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1). The 

low 𝑟𝐴(𝑡) in Run 2A produced less pronounced divergent trends of 𝑟𝐴
𝑖𝑛(𝑡) and 𝑟𝐴

𝑒𝑥(𝑡) (Eq. 9a), 

which eventually led to the aforementioned lower 𝐴(𝑡) observed (Eq. 3). 

As shown in Fig. 4 middle row and according to Eq. 6b, 𝑟𝑆
𝑃(𝑡) values accounted for ca. 55% 

of 𝑟𝑆(𝑡), which indicated that a large part of glucose was diverted towards lycopene production. 

Since the ratio of 𝐾𝑃𝑆 𝑟𝑆(𝑡)⁄  ranged ca. 0.92 – 0.97 in Run 2A, which was close to unity, this 

indicated some resistance of the engineered E. coli to divert glucose towards lycopene 

production (Eq. 8). Experimentally, post IPTG induction in Run 2A, there was a time lag (𝑡𝑙𝑎𝑔) 

before a slow initial sigmoidal rise in the lycopene concentration. This was most likely due to 

the switching on of crt genes within the E. coli 322 metabolism, which was mathematically 

captured by the resistance ratio 𝐾𝑃𝑆 𝑟𝑆(𝑡)⁄ .  

Induced Run 2B 

The specific rate values of biomass growth, 𝜇(𝑡), its various contributors, (𝜇𝑜𝑥(𝑡) − 𝜇𝑚) and 

𝜇𝐴(𝑡), and 𝑟𝑆
𝑜𝑥(𝑡) were significantly lower in magnitude in Run 2B than those in Run 2A and 

Run 1 (Fig. 7). Furthermore, the small negative values of these specific rates in Run 2B could 

be numerical artefacts from the optimization process. Since the in-line dielectric viable biomass 

(𝑔𝑉𝐶𝐶  𝐿−1) was relatively stationary in Run 2B (Fig. 4c), the transient trends of calculated 𝜇, 

(𝜇𝑜𝑥 − 𝜇𝑚), 𝜇𝐴 and 𝑟𝑆
𝑜𝑥 values did not hold much phenomenological inferences (Eqs. 13c and 

13d). However, it was noteworthy that the calculated specific rate of maintenance, 𝜇𝑚, in Run 

1 (ca. 165.93 × 10-4 h-1) was significantly larger than its corresponding value for Run 2A (ca. 

0.87 × 10-4 h-1) and larger than that in Run 2B (ca. 81.62 × 10-4 h-1). This could suggest higher 

maintenance requirement during non-induced fermentation. In Run 2B, the other specific rates 

of glucose utilization and acetate-related changes had phenomenological significance since 

they had minimal negative values, and were of comparable magnitude with those in Run 2A.  
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Referring to Fig. 3, glucose 𝑆(𝑡) was consumed at two distinct rates in Runs 2B (ca. 10–5 

𝑔𝑆 𝐿−1) and 2A (ca. 13–10 𝑔𝑆 𝐿−1). Further, the overall glucose consumption rate, 𝑟𝑆, (ca. 0.17–

0.13 𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1) in Run 2B was ca. 4.3 times smaller than that in Run 2A, ca. 0.61–0.58 

𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1. Although the acetate inhibition effect, 𝐴(𝑡) 𝐾𝑖

𝐴⁄  (ca. 0.13–0.36), in Run 2B was 

comparable to that in Run 2A (ca. 0.18–0.26), a lower affinity for glucose, 𝐾𝑆 𝑆(𝑡)⁄  (ca. 0.10–

0.23), in Run 2B decreased the overall glucose uptake, 𝑟𝑆 (Eq. 5). Despite this difference in 

𝑟𝑆(𝑡), the rate of glucose diversion towards the overflow route, 𝑟𝑆
𝑜𝑓

(𝑡), was similar for both 

regimes (Fig. 7), viz. Run 2B (ca. 0.14–0.11 𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1) and Run 2A (constant at ca. 0.11 

𝑔𝑆 𝑔𝑉𝐶𝐶
−1  ℎ−1). The mathematical insight to understanding the similarity in 𝑟𝑆

𝑜𝑓
(𝑡) in both Runs 

2A and 2B regimes is given by Eq. 7. The two parameters 𝐾𝐴𝑆 and 𝑟𝐴𝑆
𝑚𝑎𝑥 were key contributors 

in diverting a part of the glucose consumed, 𝑟𝑆(𝑡), towards the overflow route, 𝑟𝑆
𝑜𝑓

(𝑡). The 

affinity ratio 𝐾𝐴𝑆 𝑆(𝑡)⁄  ranged ca. 0.46–1.03 in Run 2B, whereas in 2A, the ratio was negligibly 

small and less than ca. 5.8 × 10-3. This indicated a marked affinity towards glucose diversion 

for Run 2A, in contrast to a moderated one in Run 2B. Although the optimized parameter 𝑟𝐴𝑆
𝑚𝑎𝑥 

was ca. 1.88 times higher in Run 2B than in Run 2A (Table S1 in Supplementary Material), 

the lower glucose affinity in Run 2B cancelled out the potential maximum diversion of glucose 

towards overflow mechanism, resulting in similar rates of glucose overflow, 𝑟𝑆
𝑜𝑓

(𝑡), in both 

the regimes. 

However, the yield of acetate produced via overflow route, 𝑌𝐴𝑆, was different in Runs 2A and 

2B, viz. ca. 0.58 and 1.16 𝑔𝐴 𝑔𝑆
−1, respectively. The conversion of glucose into acetate from 

overflow mechanism was more efficient in Run 2B than in Run 2A, leading to larger 𝑟𝐴(𝑡) 

values in 2B (Fig. 7). Interestingly, although 𝑌𝐴𝑆 for Run 1 was only 0.47 𝑔𝐴 𝑔𝑆
−1, since there 

was no lycopene production, 𝑟𝑆
𝑜𝑓

(𝑡) was ca. four times higher, leading to a higher 𝑟𝐴(𝑡) in the 

non-induced case. Furthermore, 𝑟𝐴(𝑡) in Run 2B decreases linearly ca. 0.17 to 0.13 

𝑔𝐴 𝑔𝑉𝐶𝐶
−1  ℎ−1, in contrast to relatively constant 𝑟𝐴(𝑡) in both Runs 1 and 2A. The observed 

curvature in 𝑟𝐴
𝑖𝑛(𝑡) for Run 2B could be attributed to the lower glucose concentrations, 𝑆(𝑡), 

and a high 𝐾𝑆
𝑖 parameter that led to lower inhibition 𝑆(𝑡) 𝐾𝑆

𝑖⁄ , ca. 0.14–0.06, as compared to 

Runs 1 and 2A. Also, 𝐾𝐴 𝐴(𝑡)⁄  range, ca. 5.5–2.0, in Run 2B displays lowest affinity for acetate 

reassimilation amongst the three regimes studied. For 𝑟𝐴
𝑒𝑥(𝑡) in Run 2B, its decreasing profile 

mirrors the increase in 𝑟𝐴
𝑖𝑛(𝑡) (Eq. 9a; Fig. 7 bottom row). 
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The biokinetics models for lycopene production assume carbon flux solely from glucose 

diverted, 𝑟𝑆
𝑃(𝑡), towards MVA pathway (Eq. 8). The ratio 𝐾𝑃𝑆 𝑟𝑆(𝑡)⁄  ranged ca. 20.5–27.3 in 

Run 2B, which is exceeding 20 times more resistance to glucose diversion compared to Run 

2A, together with the dramatic drop of transient lycopene productivity curve in Fig. 3 for Run 

2B, corresponded to the cytotoxicity of intracellular lycopene accumulation that transpired.  

Moreover, from Eq. 6b and Fig. 7 bottom row, in Run 2B, 𝑟𝑆
𝑃(𝑡) values accounted for only ca. 

2.4% of glucose uptake rate, 𝑟𝑆(𝑡). This explains the reason behind the success of using 𝑟𝑆(𝑡) 

instead of 𝑆(𝑡) during our initial model trials for Eq. 8, which captures the phenomenological 

minute metabolic flux through the secondary MVA pathway that is dependent on 𝑟𝑆(𝑡) rather 

than glucose concentration in the broth. Interestingly, during initial optimization trials for Run 

2A, where Eq. 8 was formulated with 𝑆(𝑡) instead of 𝑟𝑆(𝑡), the optimization converged with 

low RMSE, but was not successful for Run 2B. This is because 𝑟𝑆
𝑃(𝑡) accounts for a significant 

portion (ca. 55%) of 𝑟𝑆(𝑡) in Run 2A. 

The time profiles of 𝑟𝑃(𝑡) in Runs 2A and 2B corroborate with the transient intracellular 

lycopene productivity observed (Fig. 3). Two other important numbers relating to lycopene 

production are the critical lycopene concentration, 𝑃𝑐𝑟𝑖𝑡, and regime specific intracellular 

lycopene productivity, ∝𝑷𝑺. For Run 2B, its 𝑃𝑐𝑟𝑖𝑡 value ca. 48.95 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1 , indicated the 

theoretical maximum lycopene concentration achievable under the batch fermentation 

conditions of constant aeration, ca. 1 vvm, and agitation, ca. 300 rpm, without further addition 

of glucose and other nutrients. This is very close to the final experimental lycopene 

concentration of 49.0 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  (Fig. 3). The estimated productivities, ∝𝑃𝑆, in Runs 2A and 

2B were 1.35 and 323 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  ℎ−1, respectively. The larger productivity in Run 2B arose 

from relatively minimal biomass growth, whereas there is a slight exponential growth in Run 

2A (Figs. 4b and 4c).  

CONCLUSION 

The advantages of applying the QbD / PAT framework, in-line PAT analytics and biokinetics 

modelling to the engineered E. coli 322 strain were demonstrated in this work. First, higher 

time resolution data from in-line process monitoring was achieved for state variables X, S, and 

P. Specifically, in-line dielectric spectroscopy revealed real-time cell population viability 

concentration or biomass (X), in-line Raman spectroscopy and subsequent multivariate 

chemometrics elucidated concentrations of broth glucose (S) and specific intracellular lycopene 

Jo
ur

na
l P

re
-p

ro
of



32 

(P). Additionally, in-line PAT data provided assured data back-up when off-line data were 

unavailable, due to sampling or analytical instrument issues (e.g. HPLC). 

Second, the PAT data abundance corroborated well with off-line measurements (Figs. 3 and 

4). Together with off-line HPLC broth acetate concentrations (A), the PAT data provided 

abundant experimental datapoints to overcome the underdetermined scenarios frequently 

encountered in nonlinear optimization of parameters in biokinetics models (Eqs. 1–16). 

Further, the three optimized biokinetics models of non-induced Run 1, and induced Runs 2A 

and 2B yielded excellent fit (low RMSE values) to the abundant experimental data, thus 

providing confidence towards the metabolic insights derived from them. Computed specific 

rates of cell growth, cellular metabolism of glucose uptake and diversion, acetate formation, 

reassimilation and excretion, intracellular lycopene production (Fig. 7) were derived from the 

optimized model parameter values (Table S1 in Supplementary Material). All these fitted like 

pieces of an “abstract” jigsaw puzzle to mathematically explain macroscopic time-dependent 

changes in E. coli culture viability and growth alongside overflow mechanism, under the 

impact of intracellular product formation causing a switch in carbon flux metabolic regime. 

Third, metabolic insights from model parameter estimates were harnessed through combining 

1) phenomenological observations of experimentally measured state variables, 2) biokinetics 

modelling with appropriate model formulation, and 3) suitable non-linear optimization method. 

The time-dependent rates of intra- or extra-cellular glucose and acetate fluxes were distinctly 

related to the specific fermentation conditions, i.e., for non-induced case or the two-regime 

induced scenario producing lycopene.  

A highlight was the use of seven dimensionless ratios relating to transient changes in state 

variables, S, A, and P, i.e. 𝐴(𝑡) 𝐾𝑖
𝐴⁄ , 𝐾𝑆 𝑆(𝑡)⁄ , 𝐾𝐴𝑆 𝑆(𝑡)⁄ , 𝐾𝑃𝑆 𝑟𝑆(𝑡)⁄ , 𝑆(𝑡) 𝐾𝑖

𝑆⁄ , 𝐾𝐴 𝐴(𝑡)⁄ , and 

𝑃(𝑡) 𝑃𝑐𝑟𝑖𝑡⁄ . Their metabolic significance on affinity, inhibitory or limiting effects to key 

Monod-type kinetics equations (Eqs. 5–13), together with comparison of their calculated 

transient values, provided a deeper understanding into the complex intertwined metabolism of 

E. coli 322 strain. For example, low values of 𝐾𝐴𝑆 and 𝐾𝐴𝑆 𝑆(𝑡)⁄  below ca. 10-5 reflected a 

strong overflow mechanism, the dimensionless ratio 𝐾𝑆 𝑆(𝑡)⁄  ca. 10-3 indicated strong 

microbial affinity for glucose, or changes in ratios 𝐴(𝑡) 𝐾𝑖
𝐴⁄   and 𝑆(𝑡) 𝐾𝑖

𝑆⁄  across batch-time 

regimes signified metabolic changes in relative effect of acetate and glucose inhibition on 

glucose uptake and acetate reassimilation respectively. Moreover, for lycopene production, the 

extent of cytotoxicity was reflected by the ratio 𝐾𝑃𝑆 𝑟𝑆(𝑡)⁄ ; wherein values close to unity (ca. 
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1.0) indicated rapid lycopene production with a slow exponential culture growth (Run 2A), in 

contrast to high ratios greater than ca. 20 leading to stagnant biomass and slowing down of 

lycopene productivity towards its limiting concentration predicted by 𝑃𝑐𝑟𝑖𝑡 ca. 48.95 𝑚𝑔𝑃 𝑔𝑉𝐶𝐶
−1  

(Run 2B). 

Another new finding was the dependency of the overall cell growth rate (𝜇), switching from 

direct glucose via oxidation path for non-induced (𝜇𝑜𝑥) to the acetate reassimilation route (𝜇𝐴) 

during the initial post-induction regime Run 2A. The latter can be alluded to the diversion of 

intracellular metabolites from glucose oxidation metabolism into lycopene production 𝑟𝑆
𝑃(𝑡), 

causing the need to utilize secondary carbon source acetate to sustain a slower biomass growth. 

Evidently, this work has demonstrated the usefulness of the estimated values of model 

parameters, various calculated rates of change associated with state variables, and their seven 

dimensionless ratios alongside PAT methodology. With this approach, lab-bench bioreactor 

studies at varied conditions of bespoke engineered microbial strain can be compared for 

understanding metabolic aspects. Useful classification of strain phenotypical metabolic 

patterns and biokinetics could also be derived. In so doing, this aids toward in silico design for 

fermentation conditions testing, scaling-up, or troubleshooting batch-to-batch variations. 
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Highlights 
• Apply PAT methodology with in-line monitoring and mathematical modelling to E. coli strain 

culture overproducing lycopene. 

• Biokinetics modelling using differential-algebraic equations (DAE) with Monod-type 

conversions described state variables. 

• Optimised model parameters and 7 dimensionless ratios reflected time-dependent changes in 

rates or concentrations. 

• Calculated change in rates of fluxes and concentrations revealed salient underlying metabolic 

shifts and transient trends. 

• Models explain cell growth, carbon source use, overflow mechanism, affinity or inhibitory 

effects, lycopene cytotoxicity. 
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