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Abstract

Microbial decomposition of Soil Organic Matter (SOM) is largely controlled by environmental and
edaphic factors such as temperature, pH, and moisture. However, microbial metabolism is controlled by
catabolite repression, which leads microbes to grow on preferred nutrient and energy sources first. In par-
ticular, Catabolite Repression for Carbon (CR-C) defines the hierarchical preference of bacteria for par-
ticular C sources. This control depends on the presence of signal molecules conferring bacteria a memory
for recent growth conditions on less preferred C sources. The combined effect of catabolite repression
and microbial memory (called here Memory-Associated Catabolite Repression for Carbon, MACR-C)
has not yet been investigated in detail. First, we use observations and a numerical model to test the
hypothesis that MACR-C explains substrate preferential consumption in a simple, two-C substrate sys-
tem, whereas Michaelis-Menten-Monod kinetics of competitive substrate consumption, non-competitive
inhibition, or their combination, do not. Next, we carry out numerical analyses to explore the sensi-
tivity of (1) estimated parameters to experimental observations and (2) model structure to steady-state
substrate concentration under pulse or continuous substrate application. Our results show that MACR-C

substantially affected substrate consumption and microbial readiness to switch between C sources.

Keywords:
Diauxic Growth, Catabolite Repression, Substrate Preferential Consumption,

Michaelis-Menten-Monod, Carbon, Soil Organic Matter

1. Introduction

Long-term prediction of Soil Organic Matter (SOM) dynamics is crucial to assess soil fertility, envi-
ronmental quality, and climate change. Nutrients are continuously added, transformed, and decomposed
in soil (Jobbagy & Jackson, 2000) and SOM contains, as a consequence, many different organic com-
pounds. Decomposition and bioavailability of SOM are controlled by climate, edaphic conditions, and
biogeochemical processes (Doetterl et al., 2015; Dungait et al., 2012). Eventually, accessible substrates

are used by microorganisms for their metabolism, and are immobilized in biomass, respired into CO,,
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or used to synthesize signal molecules, exoenzymes, and exopolymeric substances (Heemsbergen et al.,
2004; Gunina & Kuzyakov, 2015; Taga & Bassler, 2003; von Bodman ef al., 2008; Wardle ef al., 2004).

Theoretical and numerical frameworks exist to predict the dynamics of carbon- (C) and nitrogen-
(N) containing compounds in soil (e.g., Schimel & Weintraub, 2003). However, the variety of chemical
compounds in soil is great and they affect the microbial community assembly (Zhalnina et al., 2018)
because different bacteria may preferentially consume different substrates. Substrate preferential con-
sumption was explained earlier as a result of microbial competition (Fontaine et al., 2003) or substrate
consumption inhibition (Wutzler & Reichstein, 2013). Amongst various enzymatic mechanisms, Catabo-
lite Repression (CR, Magasanik, 1961) is an alternative hypothesis that has received some attention in
complex fermentation systems (Nielsen & Villadsen, 1992; VanDedem & Moo-Young, 1975) but only
little attention in the context of SOM cycling. CR regulates the metabolism of various substrates in bac-
teria as they continuously fine-tune catabolic and anabolic processes to optimally allocate energy and
substrates for cell maintenance or growth. The coordination of these processes has a thermodynamic
explanation in the way Gibbs free energy levels in the catabolic and anabolic pathway affect each other
(Maggi et al., 2018). CR is therefore presumed to be the result of bacteria adaptation to fluctuating
environments; bacteria have a hierarchical preference for beneficial growth substrates and the presence
of a preferred substrate may repress gene expression and enzyme activity involved in the metabolism
of the non-preferred substrate (Gorke & Stiilke, 2008; Stiilke & Hillen, 1999). The three most relevant
mechanisms are global regulation, inducer exclusion, and inducer inhibition. In the first case, the pre-
ferred substrate inhibits the expression of the gene(s) involved in the production of the enzyme(s) for the
metabolism of the non-preferred substrate; in the second case, the molecule responsible for activating
gene(s) expression is prevented from entering the cell, and therefore, from carrying out its task; in the
third case, a specific molecule either inhibits gene(s) expression or interferes with enzyme activity. The
latter case corresponds to the known mechanisms of competitive consumption, uncompetitive consump-
tion, and non-competitive inhibition.

Microorganisms that benefit from CR can grow very well on a limited number of substrates, and have
evolved mechanisms to hierarchically consume other substrates within mixtures of carbon (Stiilke &
Hillen, 1999), nitrogen (Farrell et al., 2011), or phosphorus (Wanner, 1993). The most famous example
of carbon CR (CR-C) regards Escherichia coli growth on a glucose-lactose mixture first observed by
Monod (1942), who referred to it as “diauxie”, meaning two lagged growth phases each relative to one
C source. Later laboratory experiments showed a similar mechanism (Dijkhuizen et al., 1980; Monod,
1942; Mukherjee & Ghosh, 1987), but it was Magasanik (1961) who clarified that substrate preferential

consumption is due to inhibitory processes. We further this concept as follows: CR-C may not only
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depend on energy considerations (Ekschmitt et al., 2005) but also on cells’ evolutionary trajectories
(Lambert & Kussell, 2014). In specific, current growth conditions can stimulate a short-term memory in
bacteria due to the combination of phenotypic and response memory (Lambert & Kussell, 2014). The
persistent exposure to some substrates may eventually trigger the formation of a long-term memory in
the form of genetic networks rearrangements (Stock & Zhang, 2012), such as the optimization of existing
pathways for C sources degradation. We identify therefore CR and the memory effect as two aspects that
have not yet been fully explored in SOM reaction networks and they may lead to substantial contributions
to SOM stability over short and large time scales.

We hypothesize that the combined effect of memory and CR, called here Memory-Associated CR
(MACR), contributes to control SOM stocks and turnover rates according to both specific substrate pref-
erence and the memory of previously consumed substrates. First, we show that classic MMM kinetics
cannot predict the dynamics observed in those experiments. Next,we propose that MACR dynamics can
be mechanistically described by means of modified Michaelis-Menten-Monod (MMM) kinetics (Monod,
1949; Belser, 1989; Bekins et al., 1998; Maggi & Riley, 2010). In particular, we formulate MACR ki-
netics for C (MACR-C) using three CR-C experiments with two C sources retrieved from the literature
(Dijkhuizen et al., 1980; Mukherjee & Ghosh, 1987). An approach to develop a coupled mechanistic
scheme for C and N consumption under MACR was hindered by the lack of suitable laboratory ex-
periments. The schemes were assessed by means of visual inspection and error measures. Finally, we
performed a suite of sensitivity analyses to assess the long-term effect of MACR-C to pulse and contin-

uous C applications into the two 2 C-source systems.

2. Methods

2.1. Biomass-based and enzyme-based MMM kinetics

Seven schemes of microbial growth on multiple substrates obtained using classic MMM Kkinetics
are shown in Figure 1 together with their MMM kinetic equations. The MMM framework requires the
estimation of 3 parameters to predict the consumption rate of a substrate with concentration S (M) as
a function of the microbial biomass concentration B (mg L™!). These MMM kinetic parameters are:
the reaction rate constant u (s71), the half-saturation concentration constant K (M), and the biomass
yield coefficient Y (mg-wet-Biomass mol-C-Substrate™). The terms (1 + Sp/Kp) and (1 + Snp/Knp),
where subscripts p and np indicate the preferred and non-preferred substrate, respectively, account for
competitive consumption (dashed black lines in Figure 1), which increases K and reduces the reaction
velocity. The terms [K; p/(Sp + K;p)] and [K;np/(Snp + Kinp)], where Ky p (M) and K;np (M) are

the inhibition constants relative to the preferred and non-preferred substrate, respectively, account for
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inhibition (solid red lines in Figure 1) and also reduce the reaction velocity.

Generally, biogeochemical models predict biochemical reactions as a function of microbial biomass.
Here, we develop and test both biomass- and enzyme-based frameworks to explicitly account for cells
and intracellular enzyme dynamics. The Enzyme (E) (with E in mg L™!) is synthesized by B at rate rz (L
mol~! s7!) depending on the corresponding substrate availability (i.e., inductive enzymes), and degrades
at a rate 6 = o, with 6 (s~!) the bacteria mortality rate; dg and ¢ are generally different (Schimel et al.,
2017) but were assumed here to be the same for simplicity. Enzyme production was inhibited by E with
parameter K; z (mg L™!) assumed equal to 1% of the maximum biomass concentration reached in the
experiments.

We investigated whether classic MMM Kkinetics can be used to adequately replicate CR-C observa-
tions both in the biomass-based and enzyme-based frameworks. For the latter case, it was tested if CR-C

affected substrate catalysis (Figures 1d, e, and f) or enzyme production (Figure 1g).

2.2. MACR-C kinetics

The schemes in Section 2 were further developed into MACR-C kinetics to take into account the
production of a memory signal following substrate consumption, which represents the memory of previ-
ous growth conditions and presumably affects CR-C dynamics (Figure 2). To this end, we assumed that
the memory signals Mp relative to Sp consumption inhibited Sxp consumption, and vice versa for Mnp
relative to Syp and Sp. MACR-C kinetics were tested in both biomass- and enzyme-based frameworks
(Figures 2a and b, respectively). Mp and Mnp were assumed to be produced stoichiometrically with Sp
and Snp, and degraded according to a first-order reaction with rate dyy (s7"). Ep and Enp production

was assumed to undergo an additional inhibition by Mp and Mnp, respectively, with constants K7y s, and

KLMNP‘

2.3. Experimental data of 2 C-source systems

Experimental observations of CR-C in an acetate (ACT) and oxalate (OXL) mixture with Pseu-
domonas oxalaticus OX1, and in a succinate (SCC) and fructose (FRC) mixture with Azospirillum
brasilense were retrieved from Dijkhuizen er al. (1980) and Mukherjee & Ghosh (1987), respectively.

In the first experiment, ACT and OXL were the only C sources consumed in aerobic conditions.
Azospirillum brasilense inoculum was pregrown either in ACT or OXL before incubation in two different
experiments. Pseudomonas oxalaticus OX1 can grow on both ACT and OXL, but prefers ACT.

In the second experiment, SCC and FRC were the only C sources consumed in aerobic conditions.

Azospirillum brasilense can grow on both SCC and FRC, but prefers SCC.
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Those experiments are interesting because substrates were consumed hierarchically and because they

allowed us to test the memory-effect on the microbial CR-C hypothesis.

2.4. Method of parameter estimation

The unknown parameters u, K, Kj, Kj,,, rg, and d); were estimated by inverse numerical solution
calculated with the BRTSim solver (based on Maggi, 2015) in the PEST environment (Doherty et al.,
2016) against experiments from Dijkhuizen et al. (1980) and Mukherjee & Ghosh (1987). The biomass
yields Y = AB/AS were calculated from observed changes in concentrations of biomass AB and substrate
AS. Cell mortality and enzyme degradation 6 = g = 107 (s71) were assumed after Gastrin e al. (1968)
and Salem et al. (2006). O, concentration was assumed not to limit the reactions and was not taken into
account explicitly. Combinations of competition and inhibition kinetics were tested as per schemes in
Figures 1 and 2.

PP

Goodness-of-fit was measured with the coefficient of determination R? = [0xo/ (0x00)]* and nor-

1 (Xi—0)?

no

malized root mean squared error percent NRMSE = / [max(0) — min(O)] ¢ X 100, where

X and O are the modeled and observed concentrations, respectively, and n,, is the number of observations.

2.5. Stochastic Sensitivity Analyses on MACR-C parameters

In Dijkhuizen et al. (1980), the inoculum was pregrown in the non-preferred C-source OXL, and
was next grown in the ACT-OXL mixture. In the latter medium, bacteria grew on OXL for a short time
before switching to ACT until they depleted ACT, and finally they resumed OXL consumption. To our
knowledge, that experiment is the most complete evidence of MACR-C; we conducted stochastic sensi-
tivity analyses on this experiment to highlight variability in substrate consumption dynamics using the
enzyme-based framework (Figure 2b). In particular, the effects of 4y, Kj,,, and rg on substrate consump-
tion were investigated. For each parameter, 1000 simulations were run with values randomly sampled
from independent Gaussian probability distributions with mean equal to the corresponding estimated

value and standard deviation equal to 20% of the mean.

2.6. Steady-state sensitivity analyses on MACR-C dynamics

MACR-C kinetics were numerically explored for the two C-source systems using the scheme in
Figure 2b with the parameters estimated for the case where the inoculum was pregrown with the corre-
sponding preferred C source, ACT and SCC.

One analysis elucidated to what extent MACR-C affects the C source concentrations at steady-state
given varying continuous incoming C fluxes (e.g., root exudates, SOM cycle, etc...). Each system was

continuously amended with Sp and Syp at 0.1 mL s~! flow rate in a 2.5 L control volume containing 1 L
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of water as solvent (Figure 3a); substrate concentrations ranged from 1077 to 1073 M s~! for ACT, from
1077 to 1 M s~! for OXL, from 1077 to 1072 M s™! for SCC, and from 1077 to 1 M s~! for FRC. Excess
water was extracted from the control volume at the same flow rate to keep the water volume constant.
Ten increments were used within each order of magnitude in concentration.

The other analysis elucidated MACR-C effects on the short-term microbial response to sudden pulses
of C substrates (e.g. leaching, etc...). MACR-C kinetics were tested for the two C-source systems subject
to a single pulse of Sp and Syp lasting 15 s at 0.1 mL s~! flow rate in a 2.5 L control volume containing 1
L of water as solvent (Figure 3b). Sp amendment was varied in concentration and was time-shifted with
respect to Syp. OXL concentration was 1073 M s~!, while ACT concentration ranged between 10~* and
1072 M s~!. FRC concentration was 1 M s~!, while ACT concentration ranged between 0.1 and 10 M
s~!. Forty-five increments were used within each order of magnitude in concentration. The system was
amended with Sp at times ranging from 1 to 40 days using an incremental step of 4 hours, while Sxp was
amended at day 10. The Snp degradation times in the presence of Sp were compared to that resulting
from Snyp consumption alone, that is, Sp was not amended in the system. The time necessary to decrease
one substrate concentration below 1% of the initial concentration will be denoted f994,.

Our analyses can provide mechanistic information relative to the consumption of chemically similar

and different nutrients within a mixture (e.g., ACT-OXL and SCC-FRC carbon-source systems).

3. Results

3.1. Biomass- and enzyme-based MMM kinetics

Classic biomass-based MMM kinetics accounting for substrate competitive consumption, non-competitive

inhibition, and their combination, did not capture the observed lag phase when bacteria switched between
the two C sources, which is characteristic of CR-C (Figures 4a, b, and ¢ for ACT-OXL mixture and Fig-
ures 4d, e, and f for SCC-FRC mixture, goodness-of-fit in Table 1).

Classic enzyme-based MMM kinetics did not accurately describe observed CR-C either (Figure 5a
to g), except when inhibition of enzyme production was accounted for in the SCC-FRC mixture (Figure
5h, goodness-of-fit in Table 1). However, FRC consumption appeared to be slightly anticipated, with an
overall rate slower than observed.

Despite the additional description of enzyme production and degradation (Figures 1d, e, f, and g),
our results suggest that one or more additional processes had substantial effects but were not represented

by the tested MMM Kkinetics.
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3.2. Biomass- and enzyme-based MACR-C kinetics

The MACR-C schemes in Figure 2 replicated the observations when using both biomass- and enzyme-
based kinetics (Figure 6, goodness-of-fit in Table 1). Accounting for substrate competitive consumption
in MACR-C did not improve the fitting against observations (result not shown) and added an unnecessary
parameter; therefore, this mechanism was not accounted for in MACR-C kinetics.

The parameters u, K, rg, and Kj j estimated after pregrowing the inoculum in ACT captured CR-C
also after pregrowing the inoculum with the non-preferred C-source OXL in the enzyme-based frame-
work, but not in the biomass-based framework (Table 1). Note that pregrowing bacteria on OXL rather
than ACT resulted in lower Y and 6,,. The initial concentrations of enzymes and memory signals were
calibrated because they must had been produced during previous growth conditions. Indeed, bacteria
started consuming OXL thanks to the memory Mnp of pregrowth conditions (Figure 7), but they sensed
ACT availability and switched to ACT within approximately 2.4 hours. OXL consumption was therefore
repressed in the presence of ACT, and was resumed only after ACT was depleted. Note that none of
the schemes in Figure 1 captured these dynamics (results not shown) because the corresponding kinetic
equations do not explicitly account for the memory of previous growth conditions that allow microbes to
consume part of the non-preferred substrate in the presence of the preferred substrate.

MACR-C kinetics captured CR-C dynamics both in the biomass- and the enzyme-based frameworks,
and can be considered a robust representation of how memory of previous growth conditions can affect

substrate consumption.

3.3. Stochastic Sensitivity Analyses on ACT-OXL mixture

Stochastic sensitivity analyses on all enzyme-based MACR-C kinetic parameters (i.e., o, K7 p, and
rg) showed large variability in ACT and OXL consumption at any time after switching between C sources

(Figure 8). The inhibition constant K; js returned the largest variability in MACR-C response.

3.4. Steady-state sensitivity analysis on MACR-C dynamics

The steady-state response of the ACT and OXL and the SCC and FRC carbon-source systems to
continuous substrate application at varying concentrations were different and highly nonlinear. Gener-
ally, the preferred C source concentration (ACT and SCC in Figures 9a and b, respectively) was always
negligible and decreased under increased concentrations of the amended substrates. In contrast, the non-
preferred OXL substrate concentration (Figure 9a) quickly built up at high ACT and OXL application
concentrations. The non-preferred FRC substrate concentration (Figure 9b) also increased at increasing

concentrations of amended FRC for [SCC] > 0.001 M, but drastically decreased for [SCC] < 0.001 M.
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The two systems responded differently and nonlinearly to single C source pulses at varying concen-
trations and time-shifted between each other (Figures 9¢ and d). OXL (Snp) consumption was slow in
the lack of ACT (Sp); OXL concentration took nearly 17.5 days to decrease below 1% of the initial value.
ACT pulses did not substantially affect OXL kinetics; early and late Sp pulses lengthened and shortened
Snp consumption time by 10% (Figure 9c).

FRC (Snp) consumption occurred in nearly 7 days in the lack of SCC (Sp). SCC pulses shortened
the time necessary to decrease FRC concentration below 1% of the initial concentration; MACR-C effect

was unexpectedly strong with Sp pulses shortening Syp consumption time by up to 7 times (Figure 9d).

4. Discussion

4.1. MMM kinetics and the MACR-C effect

MMM Kkinetics are widely used to model biochemical processes and are being incorporated in biore-
active transport models (e.g., TOUGHREACT, Xu et al. 2011; MODFLOW-PHT3D, Prommer et al.
2001; and HYDRUS, Yu & Zheng 2010). However, this work shows that MMM kinetics are not directly
applicable to model substrate consumption when regulated through catabolite repression. While a review
of modeling approaches to represent catabolite repression was carried out in Kremling ef al. (2015), we
have shown here that CR-C can be adequately described by introducing a memory signal to inhibit sub-
strate consumption. As reported by Stock & Zhang (2012), the memory can be a molecule, and it is
characterized by production and degradation rates. We found a lower memory degradation rate in the
experiment where the inoculum was pregrown on the non-preferred C source (Table 1). We hypothesize
this result implies a mechanism through which bacteria are less prone to switch between C sources in
fluctuating environments. As suggested in Lambert & Kussell (2014), a memory may also be corre-
lated to the availability of a substrate-specific enzyme. Because both biomass-based and enzyme-based
frameworks accurately captured bacterial growth dynamics in the ACT-OXL mixture after pregrowth in
OXL, our analysis did not reject the idea of enzyme-carried memory, in addition to microbial memory
for preferred substrates. Thus, we found need for a model containing additional parameters to test Lam-
bert & Kussell (2014)’s suggestion. However, the available experiments were insufficient to address this
question because enzyme-associated memory may play a role over longer timescales. Notwithstanding,
although it is more “natural” to describe metabolic processes using enzyme-based models for biochemi-
cal reactions inside cells, this approach may result in redundant parameters and, importantly, the problem
formulation can be implemented in only a few available bioreactive transport models, such as BRTSim

and TOUGHREACT.
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4.2. The biological role of MACR

CR is a common bacterial strategy to select the one substrate amongst many which allow optimal
growth (Chu & Barnes, 2016); cells process the information in the surrounding environment, and prepare
and activate certain metabolic pathways based on some sort of cost-benefit balance and cell requirements
(Wang et al., 2015). We assumed those pathways involve inducible enzymes so that bacteria would not
be wasting resources to produce enzymes that may seldom be used for an unknown period of time. In the
proposed regulatory mechanism, bacteria can still produce any enzyme in sufficient amount to quickly
switch from one substrate to another, thus gaining a fitness advantage in fluctuating environments. Yet,
the timing for switching between substrates is regulated by antagonist memory signals, which inhibit
the consumption of other substrates. A possible explanation for this inhibition is that cells have earlier
invested resources to produce the enzymes involved in one pathway, and only under some circumstances
would it be convenient to prematurely invest resources to activate a new pathway.

Although we have only focused on C, other macronutrients consumption may be regulated through
catabolite repression, which was neglected in this work because of the lack of suitable laboratory exper-
iments. However, Farrell et al. (2011) reported that peptides are preferred over aminoacids as an organic
N source; therefore, the Memory-Associated CR for Nitrogen (MACR-N) could exist and should be in-
vestigated. Yet, Roca & Olsson (2001) showed that NH; repressed NO,™ in Pseudomonas fluorescens
DF57 nitrogen metabolism. Cross-talk amongst macronutrient cycles have been underpinned and re-
viewed by Santos-Beneit (2015), focusing on how C and N metabolisms are regulated within cells. This
metabolic coupling should be accounted for in SOM models. Yet, the different MACR response to con-
sumption of chemically similar or different nutrients, as shown here for the two C-source systems, may
represent an additional level of uncertainty to the robust prediction of labile SOM cycles. The estimated
kinetic parameters for the memory signal degradation rate, the substrate consumption inhibition con-
stant, and the enzyme production rate showed large variability between these two cases. The biological
explanation can be revealed by analyzing the environments the bacteria inhabit. Soil bacteria evolved
to prefer tricarboxylic acid (TCA) intermediates (Mukherjee & Ghosh, 1987). This evolution explains
the hierarchies found between SCC and FRC consumption; the hierarchy is corroborated by Iyer et al.
(2016)’s comprehensive review on SCC mediated catabolite repression of monosaccharides consump-
tion. Despite the greater biomass yield on FRC than SCC, the former very likely requires the production
of many enzymes to be broken down to pyruvate, which can eventually enter the TCA cycle and be used
for energy production. This energetically-costly process may become convenient when benefits are larger
than costs, that is, when FRC concentration greatly exceeds SCC concentration. This inhibitory mecha-

nism is fully implemented in MACR-C kinetics. We hypothesize that knowledge of bacteria evolutionary
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trajectories can help identify representative molecules to be encompassed in comprehensive models of
SOM dynamics. For instance, Riley et al. (2014) divided SOM into 11 groups, where ’Organic Acids”
could represent the preferred SOM group, especially when it includes TCA molecules. Such an ap-
proach would be supported by recent laboratory investigations highlighting soil bacteria preference to
101 metabolites released as root exudates (Zhalnina et al., 2018). These authors found that aromatic
organic acids were the bacteria preferred substrate, despite a great variability in uptake by bacteria from
the exudate mixture was observed. High uptakes were also found for amino acids, sugars, and quaternary
amines. The authors also observed that microbial communities could be either positively or negatively
affected in response to metabolites availability. The two groups of responders were characterized by
different substrate preference and may therefore inhabit different soil niches (Zhalnina et al., 2018). As
a consequence, it is possible that MACR-C kinetics coupled with environmental and edaphic conditions
can provide a robust predictive tool to niche colonization and substrate consumption.

This work focused on elucidating unexplored mechanisms regulating C preference in soil bacteria.
Experimental evidence (Zhalnina et al., 2018) and our modeling results both suggest that MACR-C may
play a pivotal role in soil C dynamics. However, it cannot be excluded that bacterial strains lacking
CR-C regulatory mechanisms will differently consume available substrates (Johnson et al., 2017). Yet,
different types of environments might select bacteria exploiting different mechanisms to thrive amongst
other competitors. For instance, the enteric bacteria E. Coli constitutively produces enzymes involved
in glucose metabolism, thus conferring an advantage in an environment where glucose is almost always

available in large amounts.

4.3. Physiological meaning of MACR-C kinetic parameters

The stochastic sensitivity analysis of MACR-C showed that K; ys, 57, and rg produced large variabil-
ity in substrates concentration over time and control therefore the hierarchy for substrate consumption
and the adaptation time to newly available substrates. These regulatory processes can be embedded in
bacterial genetic material and constitute bacteria long-term memory (Stock & Zhang, 2012). In contrast,
the initial memory signal My and initial enzyme concentration Ey had a negligible effects on substrate
consumption (not shown). We suggest My and Ey may represent the bacteria short-term memory pro-
duced to provide an advantage in the current environmental conditions. These parameters together quan-
tify the strategies exploited by microorganisms to express their preference to a substrate and cope with
its absence.

In this work, enzyme degradation rate g was assumed to be constant and equal to bacteria mortality
0, while some enzymes can last longer within the cell (Lambert & Kussell, 2014). A longer enzyme

persistence would enhance bacterial readiness to consume the corresponding substrate over the long-

10
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term. Bacteria memory exerted a powerful inhibitory effect on substrate consumption, but degraded 2 to
3 orders of magnitude more rapidly than enzymes, thus having major effects in the short term. Despite
bacteria having a preference for some substrates, this memory does not hinder their capability to grow
on other substrates in case the former are not available.

Our simulations were designed to investigate nonlinearities in substrates consumption under MACR-
C kinetics, and for continuous amendments with C sources after steady-state and for pulse amendments
with C sources. Both scenarios revealed interesting features. The bacterial long-term memory repre-
sented by K; ys and o) regulated substrate consumption for varying substrate application concentrations,
which may be seen as continuous nutrients arrival from a multitude of processes including advection,
SOM decomposition, or necromass recycling. Our results showed that bacteria favor consumption of
those substrates allowing for the greatest growth based on availability. Next, Sp pulses at varying con-
centrations and time-shifted with respect to a Snp pulse simulated the sudden availability of different C
sources. Modeling suggested that early and late Sp pulses had small but distinct effects on the consump-
tion of chemically similar and different Snp, resulting in longer or shorter consumption times, respec-
tively. For chemically different substrates, consumption times were always substantially shorter with Sp
pulses. We speculate that although bacteria prefer to use some C sources, they maintain readiness to
switch to others when necessary. In contrast, there is no benefit to switch metabolic pathway for chemi-
cally similar C sources as these may have similar nutritional properties. We could not directly assess the
role of short-term memory on substrate consumption, which would require the bacteria to be exposed
to multiple substrates pulse. With new technologies such as microfluidic devices, bacteria adaptation to
non-preferred C sources and the contributions of memory in this process can be studied experimentally

(Lambert & Kussell, 2014).

4.4. MACR-C and exoenzyme regulation

The metabolic regulatory processes occurring within the cell are very complex. To reduce this com-
plexity so that it is computationally tractable, MACR-C included 2 kinetic equations to model enzyme
and memory dynamics for each substrate. Some more complex C sources such as cellulose have to be
first extracellularly decomposed to more labile substrates to become bioavailable to microorganisms.
Microorganisms can liberate exoenzymes in the soil matrix to decompose SOM. Some theory for the
regulatory mechanisms behind exoenzymes production (De Nobili et al., 2001; Schimel & Weintraub,
2003) suggest that small amounts of labile substrates signal the presence of SOM; these molecules trig-
ger microbial growth and the production of exoenzymes to keep on decomposing fresh SOM until the
bioavailable C is enough to balance the expenditure for exoenzymes production. MACR-C, or more

generally MACR, may therefore be involved in regulating exoenzyme production depending on the char-
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acteristics of available SOM, which will be decomposed to preferred and non-preferred substrates.

5. Conclusions

A detailed kinetic model based on intracellular enzyme dynamics integrating bacterial memory for
specific substrates was presented to describe memory-associated carbon catabolite repression (MACR-C)
in mixtures of 2 carbon (C) sources. Microbial hierarchic C consumption could not be described using
classic MMM kinetics. Instead, MACR-C successfully captured substrates consumption dynamics and
the lag phase intercurring while microorganisms switched between the 2 C sources. These dynamics were
mechanistically described by accounting for memory signals, which induce bacteria to consume their
preferred C source first. We showed that integrating MACR-C in the modeling of steady-state substrate
concentration can explain the persistence of theoretically rapidly consumable substrates as a trade-off
between bacterial preference for specific substrates, and their prior and current availability. MACR-C
is an important process for nutrient cycles and it has not been previously used in land biogeochemical
models. MACR-C kinetics can easily be integrated in land models, allowing one to explore with a greater
detail microbial contributions to nutrient dynamics under different environmental scenarios, including
soil management practices and changes in eco-hydrological boundary conditions, soil biogeochemical

characteristics, and land use.
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Figure 9: Biomass and substrates concentrations at steady-state as a function of substrates’ release concentration at 0.1mL s~!

flow rate: (a) ACT and OXL carbon-source system; (b) SCC and FRC carbon-source system. Green and red contour lines
represent the preferred substrate concentration and non-preferred substrate concentration, respectively, in the control volume.
Non-preferred substrate consumption time as a function of preferred substrate application time at varying concentrations: (c)
ACT (Sp) and OXL (Sxp at 0.001 M) carbon-source system; (d) SCC (Sp) and FRC (Snp at 1 M) carbon-source system. Pulses
lasted 15 s at 0.1 mL s~! flow rate. Thick black vertical line indicates Sxp amendment at day 10. Black contour lines represent
the ratio between tggq, in the presence of Sp over togq, Without Sp.
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1 2 3 4 5 6 7 3 9 10 11 12 13
Scheme SubS pregrowth Kinetic Parameters
u K K; Ywet Vary Sy e iy, R? NRMSE
57! mol L~! mol L~! mg-wet-Bio mol-Subs~! g-C-Bio g—C—Subs'l 57! Lmol~! s~ mg L!
Biomass-based, Competition ACT ACT  1.67x10~% 2.60x10~® 2591073 5.39x107T 097 10.86
Scheme in Figure 1a OXL 1.66x1075 1.61x1075 5.50x10%4 1.15x107! 097 1427
Result in Figure 4a B 097 721
Biomass-based, Competition Nee Nele} 9.13x10~% 7.07x1073 9.39x10+5 9.78x10"! 099 228
Scheme in Figure 1a FRC 1.35%107% 2.96x1072 1.31x10*0 9.07x107! 0.99 691
Result in Figure 4d B 099 3.53
Biomass-based, Inhibition ACT  ACT  9.22x107> 2.60x10~¢ 2.59x10*3 5.39x107! 099 343
Scheme in Figure 1b OXL 205107 1.61x107> 3.71x107° 5.50x107* 1.15x107! 0.99 1059
Result in Figure 4b B 0.99 6.09
Biomass-based, Inhibition SCC  SCC  9.23x107> 7.07x107> 9.39x10%3 9.78x107! 099 239
Scheme in Figure 1b FRC 1.45x107% 2.50x1072 1.05x1073 1.31x10%0 9.07x107! 099 1293
Result in Figure 4e B 099  6.08
Biomass-based, Competition & Inhibition ACT ~ ACT ~ 2.07x10™* 2.60x107¢ 2.59x10*3 5.39x107! 0.95 956
Scheme in Figure lc OXL 4.92x107% 1.61x107° 1.78x1073 5.50x10*4 1.15x107! 095 070
Result in Figure 4c B 095 4.12
Biomass-based, Competition & Inhibition SCC ~ SCC ~ 9.84x107> 7.07x107° 9.39x10*> 9.78x107! 099 452
Scheme in Figure Ic FRC 8.36x107> 2.09x1072 1.82x107° 1.31x10%0 9.07x107! 0.99 10.29
Result in Figure 4f B 099 523
Biomass-based, MACR-C ACT  ACT  887x107° 2.60x107¢ 2.79x10~! 2.59x10*3 5.39x107! 4.14x1074 099 423
Scheme in Figure 2a OXL 5.85x107> 1.06x107> 1.06x107> 5.50x10** 1.15x107! 1.57x1073 0.99 1.07
Result in Figure 6a B 099 251
Biomass-based, MACR-C SCC  SCC  8.67x1075 7.07x1075 3.52x107! 9.39x10*3 9.78x107! 4.62x1073 0.99 281
Scheme in Figure 2a FRC 8.18x107% 2.23x1072 7.03x10~* 1.31x10*0 9.07x107! 1.25x1074 0.99  4.09
Result in Figure 6¢ B 099 5.16
Biomass-based, MACR-C ACT 1.84x107% 2.67x107° 5.36x107> 1.80x10*> 3.75x107! 7.71x1073 099  4.66
Scheme in Figure 2a OXL OXL 807x107° 1.62x10~° 8.12x107> 4.58x10*4 9.55x1072 1.01x1073 099 271
Result in Figure 7a B 0.99 4.40
Enzyme-based, Competition ACT  ACT  5.07x10™! 2.60x107¢ 2.59x10*3 5.39x107! 6.98x107° 097 720
Scheme in Figure 1d OXL 1.18x10*1 1.61x1075 5.50x10%4 1.15x107! 9.86x1070 097 1237
Result in 5a B 097  6.39
Enzyme-based, Competition SCC  SCC  1.19x10*0 7.07x1075 9.39x10*3 9.78x107! 3.75x1074 0.99 183
Scheme in Figure 1d FRC 4.59x10*0 1.89x1072 1.31x10*0 9.07x107! 7.76x1070 0.99 7.0l
Result in Se B 099 375
Enzyme-based, Inhibition ACT  ACT  2.59x10%! 2.60x10~6 2.59x10%3 5.39x107! 6.51x107° 099 117
Scheme in Figure le OXL 2.06x10*1 1.61x107> 6.10x10~* 5.50x107* 1.15x107! 5.89x1070 0.99 10.86
Result in 5b B 0.99 567
Enzyme-based, Inhibition SCC  SCC  1.44x10™0 7.07x1073 9.39x10*3 9.78x107! 2.90x1074 099 175
Scheme in Figure le FRC 5611070 1.17x1072 2.15x10™* 1.31x10%0 9.07x107! 4.49x1076 099 6.6l
Result in 5f B 099 353
Enzyme-based, Competition & Inhibition ACT ~ ACT  5.66x10™! 2.60x10~¢ 2.59x10*3 5.39x107! 5.13x107° 0.98  9.40
Scheme in Figure 1f OXL 2.07x10"1 1.61x1073 5.09x10~% 5.50x10*4 1.15x107! 8.87x1070 098  5.65
Result in 5S¢ B 098 5.1
Enzyme-based, Competition & Inhibition SCC ~ SCC  1.24x10™0 7.07x107> 9.39x10*> 9.78x107! 3.78x10™* 099 3.10
Scheme in Figure 1f FRC 3.57x10%0 1.11x1072 3.73x10™* 1.31x10%0 9.07x107! 6.73x1070 099 773
Result in 5g B 0.99 632
Enzyme-based, rg Inhibition ACT  ACT  820x10™0 2.60x107¢ 2.59x10*3 5.39x107! 1.93x1074 099 8.16
Scheme in Figure 1g OXL 2.04x101 1.61x107° 5.50x10** 1.15x107! 1.60x1075  2.96x107> 0.99  3.98
Result in 5d B 0.99 390
Enzyme-based, 7z Inhibition SCC  SCC  1.27x10*0 7.07x1075 9.39x10*3 9.78x107! 3.90x107* 0.99 231
Scheme in Figure 1g FRC 2.26x1070 2.00x1072 1.31x10%0 9.07x107! 5571075 6.69x10™0 0.99 544
Result in 5h B 0.99 1.8
Enzyme-based, MACR-C ACT  ACT  1.14x10*2 2.60x107° 8.82x10~0 2.59x10*3 5.39x107! 233x1074  1.18x10™* 3.70x1073 0.99  4.16
Scheme in Figure 2b OXL 2.76x10%! 1.61x107> 2.14x10~4 5.50x10%4 1.15x107! 459%1073  1.11x1075 1.91x1073 099 1.93
Result in 6a B 0.99 2.99
Enzyme-based, MACR-C SCC  SCC  9.85x10™' 7.07x1075 3.26x107! 9.39x10*3 9.78x107! 1.34x107*  3.91x10™*  1.50x107' 0.99  2.09
Scheme in Figure 2b FRC 3.10x1070 2.00x1071 1.61x107* 1.31x10*0 9.07x107! 3.81x1073 5.05x1075 2701075 0.99  4.00
Result in 6¢ B 099 247
Enzyme-based, MACR-C ACT 1.14x10*2 2.60x107° 8.82x107° 1.80x10*3 3.75%107! 6.59x1075  1.18x10™*  3.70x1073 0.99  4.20
Scheme in Figure 2b OXL OXL  276x10*! 1.61x1075 2.14x107* 4.58x10+4 9.55x1072 9.93x107*  1.11x107>  1.91x1073 0.99  2.65
Result in 7b B 0.99  4.17

Table 1: Estimated kinetic parameters for ACT and OXL metabolism using the schemes in Figures 1 and 2. Calibration curves
against observations are plotted in Figures 4, 5, 6, and 7. Tabulated goodness-of-fit are against experiments from Dijkhuizen
et al. (1980) and Mukherjee & Ghosh (1987). Diauxic growth of Pseudomonas oxalaticus on ACT and OXL was conducted in
aerobic conditions, pH 7.5, and T = 30°; estimated initial biomass concentration was 256 mg-wet-Bio L~! and 360 mg-wet-Bio
L~! when the inoculum was pregrown in ACT and OXL, respectively. Diauxic growth of Azospirillum brasilense on SCC and
FRC was conducted in aerobic conditions, pH 7.6, and T = 32°; initial biomass concentration was 205 mg-wet-Bio L' with
the inoculum pregrown in SCC.

23



