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General Introduction



Microbial decomposition of soil organic matter is one of the major drivers of nutrient and
carbon (C) cycling in terrestrial ecosystems. Autotrophs, like plants, take up carbon from
the atmosphere via photosynthesis and store it in their cells. The carbon is used to build
up cell components and to store energy in form of sugars. On the other hand they emit
carbon into the atmosphere in form of C'Os via respiration. The net amount of carbon taken
up by plants is subsequently added to the soils as dead organic material from plants and
other living organisms. Microorganisms that are allocated in the soils produce extracellular
enzymes to break down the plant material and use the carbon contained to built up their
cell components and metabolic products. They also emit carbon into the atmosphere by
respiration (Heimann and Reichstein, 2008). Is the system in an equilibrium state, the C
flux from the soil to the atmosphere roughly equals the net photosynthesis flux(Crowther
et al., 2016).

With 3500 — 4800Pg C contained in the soils of the earth, this C pool is larger than that
of the atmosphere (828Pg) and of living plants (450 — 650Pg) (Ciais et al., 2013). Given
these facts, it is not a surprise that it is widely unchallenged that soils play a crucial role
in climate change. And indeed, the observed short-term responses of carbon losses to soil
warming are without question far-reaching in many studies (Crowther et al., 2016). How
exactly the interdependent processes of C cycling, C storage and climate change impact each
other is part of scientific debate though. It is not understood in detail what effects of earth
warming and altered rainfall patterns on the terrestrial C cycle are to be expected globally.
A lack of data and understanding of mechanisms limits accuracy of spatial and temporal
extrapolation of local short-term observations. Also if a change in soil management may
be able to enhance C storage in soils and therefore may compensate the increased emis-
sion due to the consumption of fossil fuels is unclear. (Baveye et al., 2018; Heimann and
Reichstein, 2008; Crowther et al., 2016) The precise prediction of processes in relation to
terrestrial decomposition of organic matter is of high importance for some of the most ur-

gent issues of today and requires profound understanding of the system and its interrelations.

Various ecological interactions influencing the efficiency of decomposition have been
studied in detail. Computational models are a broadly used tool in soil science to invest-
igate questions that are difficult to address experimentally. There are macroscale models
which as an example brought insight in the biogeochemical processes involved (Schimel and
Weintraub, 2003) and the impact of microbial community composition on C-cycling rates
(Schimel and Schaeffer, 2012). Specifically the effort in the improvement of macroscopic
models of soil organic matter (SOM) turnover for integration in large-scale carbon-cycling
or earth system models has been immense (Pot et al., 2022).

These theoretical models are all concerned with the large scale fluxes of carbon and are
based on the assumptions that all components are well mixed on smaller scales and bulk
soil characteristics describe the microbial environment at every point in the soil matrix ad-
equately. But in fact, soils are highly heterogeneous habitats built up hierarchically from
soil aggregates - the structural unit of soils - which provide a complex pore system within

and between the aggregates. Microaggregates in the size range of 20 — 250um combine to



macroaggregates (> 250um). The soil pores can be seen as microsites for storing air, water,
nutrients and microbes that are connected in local biogeochemical cycles. The physical and
chemical conditions are highly heterogeneous between the microsites. (Menon et al., 2020)
How this heterogeneity affects the system, and how to scale up the processes is a subject of
ongoing debates in the field.

The 3-dimensional structure of the pore space causes the emergence of spatially isolated
distinct microbial microcolonies that are influenced by distinct environmental factors. De-
pending on the water content in the soil, diffusion allows for transfer of substrate and
metabolites between soil pores. Or, at unsaturated conditions, exchange of solubles between
pores is impeded. Water flow depends on water content and pore size and connectivity.
Flow paths determine the pattern of soluble carbon distribution and their transport rates.
The diffusion of gases, like Oy similarly depends on pore size and connectivity, but strongly
decreases with increased water saturation. (Konig et al., 2020; Wilpiszeski et al., 2019)
As a consequence, Oy concentrations strongly vary between soil pores in spatial proximity.
Similarly, redox conditions and pH present a heterogeneous spatial pattern at the micro-
scale. (Konig et al., 2020) Spatial segregation is also known as driver of microbial diversity
in disconnected habitats like soil pores under unsaturated conditions. In an experiment with
two distinct soil textures Carson et al. (2010) could prove that lower connectivity of the soil
pores enhances the diversity of microbes. Also the evolutionary processes of soil microbes are
determined by the compartmentalization of the habitat(Rillig et al., 2017) and the spatial
structure of soil pore space regulates microbial community composition (Wilpiszeski et al.,
2019). This leads to distinct biotic interactions between the microsites in addition to the
abiotic interactions described above.

To reflect the immense spatial heterogeneity of the habitat the necessity of a micro-scale
perspective to gain insight in biological mechanism relevant for decomposition of organic
matter has been pointed out many times (Baveye et al., 2018; Pot et al., 2022; Konig et al.,
2020; Golparvar et al., 2021). Since crucial chemical, physical and biological conditions at
the micro-scale are not precisely described by bulk soil measurements it is of great import-

ance to include the spatial heterogeneity in models of microbial degradation.

In the beginning, there were major hurdles that stood in the way of scientific progress
in integration of the spatial heterogeneity in ecological soil models. The opacity of soil and
the complexity of interrelated biological and environmental factors were strong burdens for
the experimental study of interplay between soil structure and microbial activity. Some of
the technical difficulties have been overcome in recent years. Baveye et al. (2018)

Only since 20 years ago significant advances have enabled methods that provide increas-
ingly reliable information about the geometry of pores and solids in soils at resolutions as
small as 0.05um (Baveye et al., 2018; Vogel et al., 2015). X-ray computed tomography has
enabled the extraction of soil pore characteristics and pore network geometry from undis-
turbed soils (Munkholm et al. 2012). The application of near-edge X-ray spectromicroscopy,
X-ray absorption spectroscopy or micro-flourescence spectroscopy to soil thin sections has

shown sharp heterogeneity of the chemical characteristics and new biological markers allow



to identify specific bacteria and their spatial distribution in soil thin sections. (Baveye et al.,
2018)

Additionally soil zymography enables the nondestructive investigation of spatial distribution
of extracellular enzyme activity. Heitkétter and Marschner (2018) were able to confirm the
heterogeneous distribution of microbial activity in undisturbed soil samples via zymography.
They showed that active microorganisms are not uniformly distributed in the soil matrix,
but occupy a non-random, patchy distribution of microsites. There are spatially segregated
hotspots, that are characterized by higher substrate availability compared to the surround-
ing bulk soil and highly active microbes, producing extracellular enzymes for degradation of
organic material. The substrate in the areas outside of these hotspots has been depleted
and microbes may only be present in dormant state in these areas. Great efforts have also
been made in investigating the spatial patterns of further chemical and physical properties.
Models for the prediction of air/water-interfaces in the pore space have been developed (Pot
et al., 2015), which help to understand the uneven distribution of air and O3 as an important
reaction partner (Golparvar et al., 2021) and the distribution of water, that is crucial for
diffusion processes.

Improvement of imaging techniques has lead to a huge amount of information about the
distribution of voids and solids in soils in three dimensions. In order to make this information
useful for computational models of organic matter decomposition the grey scale image from
an X-ray scanning needs to be segmented and voxel-wise converted into a bimodal image
that distinguishes between voids and solids first. Then the pore network can be extracted
from these images by discretization of the 3D space. The pore space can be depicted in
voxels or each pore is represented as ideal geometrical shape, which has the advantage that
the computational effort is kept low and the model usually runs faster. In this step also stat-
istical measures can be calculated, such as pore size distribution and length of the throats.
(Ngom et al., 2011)

The 3D-structure of soil, the pore sizes and their distribution are a result of various
factors like tillage method or diversity of crop plants and themselves are important for SOM
decomposition. For instance, in a comparison of X-ray microtomography images from soil
aggregates from a conventionally tilled soil and grassland the intra-aggregate porosity was
higher in the former (15% in conventionally tilled soil) than in the latter (11% in grassland).
Also the pore volumes and throat surface area were distinct in the aggregates from the two
soil types. There were more small pores found in the conventionally tilled soil. (Peth et al.,
2008)

A similar result gained Kravchenko et al. (2011) in a study of the impact of long-term dif-
ferences in soil treatments. Conventional tillage resulted in higher overall porosity of the
aggregates compared to no tillage treatment and native succession vegetation. Especially
the porosity associated with small pores was the highest in the tilled soil. In contrast, very
large pores originating from root channels were most abundant in the native succession ve-
getation soil. In addition, an effect of the fertilizer treatment on the soil structure could be

found. A combination of inorganic fertilizer and organic manure decreased soil bulk density



compared to no fertilizer treatment, whereas application of inorganic fertilizer alone did not
cause a change. (Zhou et al., 2016) As Kravchenko et al. (2019) showed by combining
2D zymography and 3D X-ray micro-CT-scanning the abundance of 6 extracellular enzymes
related with microbial nutrient cycling depends on the pore sizes. The highest enzyme activ-
ities could be found in pores with radii ranging from 30um — 150um. This effect was shown
for different cropping systems. Further, it has been stated that diverse plant communities
favor the formation of 30 — 150um pores in contrast to monocultures.

It is worth noting, that results gained from CT images are always limited by the resolution
of the scanning method and the simplifications introduced in the following processes, image

processing and segmentation method (Menon et al., 2020; Pot et al., 2022).

All these studies contribute to the understanding of soil as a spatially structured habitat
with high heterogeneity. For various biological systems it was shown that the heterogeneity
of the habitat can either enhance or undermine the invasion (Pérez-Reche et al., 2012). Also
in models of the spread of a disease in a population the dynamics change extensively when
heterogeneity is introduced by environmental stochasticity (Neri et al. 2010, Miller 2007).
It therefore is of high interest how the spatial structure of the soil pore network affects the
microbial decomposition of organic matter.

Pot et al. (2022) reviewed models of microbial soil processes with regard to their represent-
ativeness of real soil architecture. They classified the models according to two criteria: The
way they describe attributes of the grid nodes (explicit or implicit) and the precision with
which the architecture of the soil is included. The representation of soil architecture ranges
from idealized porous media to simplified architectures to the extraction of the real soil pore
network from soil samples. Grid node attributes may be described implicitly as averaged
bulk soil values or explicitly as local characteristics of the soil phases. Many implicit models
do not take into account the soil architecture at all and model the microbial processes on
a 2D-grid. An explicit description of node attributes is a precondition for including more
detailed information about the soil structure. Algorithms or imaging techniques can be used
to describe the pore architecture and pore size distribution of columns filled with glass beads.
This resembles an idealized soil architecture. Another approach to imitate idealized soil pore

structure is to assign pore and solid nodes randomly on a grid. (Pot et al., 2022)

Ngom et al. (2011) used a very simple model of organic matter decomposition in com-
bination with network information extracted from CT images. In their model pore space
was represented by connected ball chains that were extracted from CT images from two
soil samples in the above described manner. The microbial metabolism was reduced to
one single form of substrate that can be directly taken up by microbes. In addition to the
microbial biomass and the decrease of substrate the emitted CO, was tracked. Similar to
the results of experimental studies they observed differing efficiency in the decomposition of
organic matter for the two soil types (agriculturally treated and forest soil). For the network
structure of an agriculturally treated soil sample they found that only 45% of the initial

substrate was used up compared to 90% in the network extracted from a grassland sample.



In a similar way Pérez-Reche et al. (2012) implemented a model of a soil pore network
to explore the effect of the network structure and preferential spread of microbes on the
invasion efficiency. From six soil samples (3 of untreated soil and 3 of ploughed soil) the
pore network was extracted and represented as nodes, the branching points of pores, and
links, the pore channels between branching points. Microbial growth and degradation of
organic matter is left out in this approach. Microbes are assumed to invade pores through
the links of the network with a certain transmissibility. The dependence of the transmiss-
ibility on structural characteristics of pores and links was modified in four different models
from no dependence on the pore structure to a dependence on channel length and diameter.
The invasion efficiency with four different definitions for the transmissibility and differing
microbial preferences was studied. These models showed that an increased heterogeneity
in the transmissibility by dependence on the heterogeneous pore characteristics can lead to
a reduced invasion of the pore network. But this effect is reversed by stronger microbial
preference for longer channels. Because of a "bridging effect” of long channels the invasion
is then increased. The uptake of substrate and microbial production of extracellular enzymes

was not part of this model.

So today, as described above, there are models of soil processes with different focus and
approaches. On the one hand there are very sophisticated models that take into account the
microbial metabolism and the substrate degradation in detail but by modelling the processes
on a grid, they neglect the spatial complexity of the soil habitats (Kaiser et al., 2014, 2015).
On the other hand there are very simple models of soil microbes considering only the invasion
of the pore space which take into account the architecture of the soil pores (Pérez-Reche
et al., 2012). There were also attempts to bridge the gap between the two approaches. The
MOSAIC model proposed by Monga et al. (2014) combines a realistic representation of the
pore network extracted from CT scans with a model of some aspects of biological activity.
In the model organic matter is decomposed by microbes at constant rates, provided it can
reach microbes via diffusion. Microbes themselves are fixed in space.

In the following manuscript, to contribute to a deeper understanding of microbial pro-
cesses in a heterogeneous pore space, we connect crucial aspects of the spatial heterogeneity
of the soil pore space with a detailed model of microbial decomposition and the invasion of
the pore space. With a bottom-up modelling approach the impact of the spatial structure of
the soil pores and the heterogeneous distribution of environmental factors on the efficiency

of microbial soil organic matter decomposition will be explored.
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Chapter 1

Introduction

Microbial soil organic matter (SOM) decomposition as one of the major drivers of terrestrial
carbon cycling is of great importance for some of today’s most urgent societal issues. Car-
bon, that is taken up by plants via photosynthesis from the atmosphere is subsequently
added to the soil as dead plant material or remnants from other living organisms. The
efficiency of microbial decomposition determines how much of the carbon is stored in the
soils of the earth and how much C'O5 and other greenhouse gases are emitted to the atmo-
sphere again. Changes in temperature, precipitation and atmospheric CO5 will affect net
primary production, carbon inputs to soil and soil carbon decomposition rates and therefore
potentially change terrestrial carbon storage (Falloon et al., 2011). However, the mech-
anisms underlying these interrelations are not precisely understood and large uncertainties
remain. The global mean temperature is predicted to increase by 2-7°C and precipitation
to change globally by the end of the century (Wu et al., 2011). When considering the fact,
that globally there is more carbon stored in soils than in living plants or in the atmosphere
(Ciais et al., 2013), the importance of soils and the allocated microbial processes in climate
change becomes clear. Soils offer significant potential to serve as buffer against atmospheric
CO3 increase and as potential sink for additional C depending on the balance between pho-
tosynthesis, respiration of decomposer microbes and C stabilization in soils (Dungait et al.,
2012).

Soil is built up hierarchically from soil aggregates (Menon et al., 2020) and provides a
heterogeneous 3-dimensional pore system, that serves as habitat for an enormous diversity
of microorganisms (Nannipieri et al., 2017). The soil habitat is spatially structured and
highly heterogeneous in its biological, chemical and physical properties (Pot et al., 2022). In
between solid soil particles expands pore space that consists of more or less connected micro-
habitats with varying environmental conditions. Organic matter that serves as substrate for
microbial growth is not evenly distributed but rather very patchy. There are various discon-
nected microhabitats that allow for microbial growth and other areas where microbes won't
find substrate. Where water is present parts of the substrate will be distributed by diffusion
(Baveye et al., 2018). The distribution of water and air within the pore space depends on
water saturation and is formed by inter-facial and capillary forces (Pot et al., 2022). Nunan
et al. (2003) were able to show how the heterogeneous distribution of microbes in the pore

space depends on architecture by analyzing soil thin sections. Microbes occur spatially isol-
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ated in microhabitats from which some are connected through pores. In addition to many
other important functions, active microbes in the soil pores produce extracellular enzymes
that break down the organic material available to them into smaller units for uptake (Nan-
nipieri et al., 2003).

Soil microbes are able to rapidly decompose organic matter independent of its chemical
composition (Kleber et al., 2007). Nevertheless, organic matter persists in soils and chem-
ical recalcitrance of organic matter alone is an insufficient explanation for carbon storage.
Dungait et al. (2012) give an overview on further mechanisms that lead to preservation of
carbon. In addition to physical protection within aggregates or adsorption onto minerals
they describe another C stabilization mechanism in soil: regulation of microbial activity by

local availability of substrate and other necessary factors like water and oxygen.

Computational models are widely used in soil system science on various scales. In the
past decades bulk soil parameters that were commonly used to describe soils failed to predict
microbial efficiency and the emission of greenhouse gases in numerous cases (Baveye et al.,
2018). Individual-based models have enabled insight in interconnected soil processes and
contributed to a deeper understanding at the micro-scale in the past (Kaiser et al., 2014,
2015; Allison, 2005). But integration of the heterogeneity and structure of soil microhabitats
in computational models only became possible with technological progress made in the last
decades (Baveye et al., 2018).

The description of actual soil architecture relies on imaging techniques, such as X-ray com-
puted tomography. Up to date systems provide reliable information about soil architecture,
the distribution of pores and solids, at a resolution that is high enough for assessing the
structure of microhabitats (Baveye et al., 2018). In addition, the development of new seg-
mentation algorithms to quantify the 3D geometry of the pore space from the stack of 2D
grey-scale images resulting from CT scans has brought significant progress. These algorithms
assign to each voxel in the CT scan one of the phases solid or pore space based on certain
thresholds (Pot et al., 2022; Ebrahimi et al., 2013).

The degree of representativeness of soil architecture in computational models varies from
idealized porous media to simplified architecture (pore network representation) and even
voxel-wise representation of soil pore space extracted from actual soils (Pot et al., 2022).
Including the actual soil architecture voxel-wise in the model has the advantage that it allows
for realistic representation of the soil voids, the water/air-distibution, diffusion pathways and
the localization of organic matter and microbes. Nevertheless, such models are only used
in a minority of all studies. Their major disadvantage is that they only allow small-scale
simulations due to the large computational effort involved and the high volume of input
data needed (Pot et al., 2022). Here simplified representations of soil architecture are of
advantage. In pore network models the void space is represented by a network of pores
connected by throats (Ebrahimi et al., 2013) which reduces the computational effort and at
the same time preserves important spatial information. In this way, sufficiently large areas
can be simulated in a reasonable amount of time.

Besides the progress made in characterizing the physical structure of soil, advanced spectro-

13



scopic methods like NanoSIMS provide spatial information regarding chemical pore properties
(Baveye et al., 2018). Heitkotter and Marschner (2018) have used in-situ zymography on un-
disturbed soil samples to gain spatial information on the activity of extracellular enzymes and
detect microbial hotspots that included 2.4% of the total area on average. This nondestruct-

ive method, that allows for repeated measures, is also suitable for assessing temporal changes.

Since integration of soil architecture in computational models of microbial activity on
a microscale is a crucial step on the way to a macroscale integrated model of emergent
processes (Baveye et al., 2018), a sizeable fraction of research has been devoted to this
area. There are early models that investigate the invasion of soil pore space by microbes
through a pore network without taking into account decomposition processes (Pérez-Reche
et al., 2012; Ebrahimi and Or, 2014). Then more advanced models were developed, where
microbial processes were represented more accurately. Monga et al. (2008) provide a model
that simulates decomposition of soil organic matter in the 3D pore space. The pore network is
obtained from CT images with Delaunay Triangulation. The model, called MOSAIC, models
microbial growth using Monod kinetics. Organic matter is decomposed linearly, independent
of the amount of microbial biomass in a pore, extracellular enzymes and their production
by microbes are neglected. Microorganisms do not move, only substrate can diffuse to
them. They showed that a reduced connectivity due to reduced water content caused a
decrease of decomposition efficiency. Mbé et al. (2022) attempted to link microscopic
soil pore organization to measurable macroscopic descriptors by introducing an accessibility
coefficient (based on the geodesic distance between microorganisms and organic matter).
In their slightly adapted MOSAIC model the C'Os emissions strongly correlated with the
accessibility coefficient.

The studies described above, which are limited to simulations on sampled networks are
not capable of giving answers on what elements of network structure are crucial determinants
of the system dynamics or determine the sensitivity of the results to the network structure. In
other research areas like epidemic modelling and opinion dynamics in social networks artificial
idealized network types have been successfully used to fulfill these tasks and contributed to
a more systematical understanding of the impact of network structure (Keeling and Eames,
2005; Sen and Sen, 2010). The aim of the model we introduce here is to combine an
artificial pore network model with a detailed description of microbial processes related to
organic matter decomposition and microbial invasion of the pore space. With this we aim
to fill the gap between existing soil microbial models with different focus and approaches.
On the one hand there are very sophisticated models that take into account the microbial
metabolism and the substrate degradation in detail but by modelling the processes on a grid,
they neglect the spatial complexity of the soil habitats (Kaiser et al., 2014, 2015; Allison,
2005). On the other hand there are very simple models of soil microbes considering only
the invasion of the pore space which take into account the architecture of the soil pores
(Pérez-Reche et al., 2012). There were also other attempts to bridge the gap between the
two approaches. The MOSAIC model proposed by Monga et al. (2008) combines a realistic
representation of the pore network extracted from CT scans with a model of some aspects
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of biological activity. In the model organic matter is decomposed by microbes at constant
rates, provided it can reach microbes via diffusion. Microbes themselves are fixed in space.
Our novel approach connects crucial aspects of the spatial heterogeneity of the soil pore space
in form of artificial pore networks with a detailed model of microbial decomposition and the
invasion of the pore space. We improve the degree of detail in the description of microbial
processes compared to previous models. Decomposition of organic matter at constant rates
is a rough approximation as it neglects enzyme production by microbes, which itself depends
on microbial biomass and available C for uptake. Therefore, we model the production of
extracellular enzymes proportional to microbial C-uptake and include enzymatic breakdown
of primary substrate according to Michaelis-Menten-kinetics. We also contribute to the
understanding of microbial invasion of the pore space by incorporating microbial motility
in the model. Pérez-Reche et al. (2012) and Ebrahimi and Or (2014) already modeled
invasion processes, but their models on the other hand lack of a detailed representation of
microbial physiological processes. By drawing on the mathematical concept of SIR models,
that has been successfully used to study virus spreading or the diffusion of knowledge in
social systems, we describe the passage of microbes from one node of the network to a
neighbor through a connecting link. In that way we want to tackle the questions how the
pore network architecture affects the efficiency of microbial organic matter decomposition

in soils.

e How do network properties like average node degree, shortest path length and cluster-

ing coefficient affect the efficiency of C-turnover?

e How is the propagation of microorganisms trough the pore network influenced by

microbial growth dynamics?

In many systems the network geometry has great impact on the dynamics of the system
(Sen and Sen, 2010). Especially, the research effort in determining effects of network prop-
erties on epidemic spreading has been enormous in the last years. Epidemic outbreaks have
been shown to be a decreasing function of the clustering coefficient in small world networks.
And in contrast to networks with no clustering even for transmissibility values just above the
epidemic threshold in highly clustered networks epidemics reach most of the people who are
reachable (Pastor-Satorras et al., 2015). We hypothesize, that due to fundamental similar-
ities in the description of epidemic spreading in a social network and microbial spreading in
a soil pore network, these network properties will also have a significant impact here.

In contrast to previous pore network models, we combine a model of microbial invasion of
the pore space with detailed modelling of biological processes, including enzyme production
and enzymatic breakdown of organic matter according to Michaelis-Menten-kinetics. We
simulate decomposition on various network types with certain properties to investigate the
effect of the network structure parameters.

Along structural network characteristics in many biological systems additional heterogen-
eity of nodes and/or links is known to have great impact on the behavior of the system.
Soil is, as described above, a highly heterogeneous habitat in which the co-occurrence of

microbial enzymes and substrate leads to the decomposition of the latter. Also, already
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Monga et al. (2014) reported much higher decomposition rates in their model when mi-
crobes were distributed evenly, than when they were distributed in a patchy way. The effect
also depended on the network structure. Our model incorporates additional details regarding
microbial physiology and mobility and the possibility to investigate the effect of heterogen-
eous substrate distribution and pore sizes. The second research question we aim to answer

is:

e How does additional heterogeneity in pore properties like pore sizes or substrate con-

centration affect microbial efficiency?

We built a pore network model that supports 5 different idealized network types and an
explicit description of the nature of the attributes of the microhabitats. In various simula-
tion experiments we assess the impact of network structure and heterogeneity on microbial

efficiency.
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Chapter 2

The Model

The diffusion of pathogens in a population and the spread of knowledge, innovations or
beliefs in a social network are well-studied processes. They rely on very similar models
that can as well be used to describe more generalized invasion processes (Pastor-Satorras
et al., 2015). To model the microbial invasion of the pore network, we used a mathematical
formulation that is very similar to that of the systems mentioned above.

We built the model in netlogo (Wilensky, 1999) in discrete time steps of 1 hour. Our
combined approach of agent-based-modelling and equation-based modelling is well-suited to
take into account the vast heterogeneity in soil properties but at the same time moderate
computational effort.

Standard values for all parameters described in the following section can be found in table

2.1. As long as not stated other, these values were used in the simulations.

2.1 Structure

2.1.1 Network Types

Networks can be characterized by their structural properties. In that way distinct network
types can be outlined. In the supplement, we provide a description and definitions of some
measures and metrics that enable the quantification of structural network properties. Av-
erage node degree, clustering coefficient and shortest path length will be calculated for
the artificial pore networks used in the simulations and shall be investigated due to their
effect on the microbial efficiency. We have studied the spread of microorganisms in dif-
ferent network architectures. The intensive effort in theoretical research regarding network
measures and characteristics has helped to develop algorithms that generate networks with
controlled topological properties (Pastor-Satorras et al., 2015). These synthetic networks
can help answering questions about the impact of network structure on the behavior of the
modelled system (Newman, 2018). We included algorithms for generation of four different
network types: random network, spatially clustered network, scale-free network and small
world network. Also, we compared to the same model run on a regular grid. All pore net-
work architectures used in the simulations are shown in figure 2.1. The random network is

characterized by a binomial degree distribution and the absence of structural or hierarchical
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Figure 2.1: Network types

Different network architectures included in the model. Adapted from Needham and Hodler (2019).

patterns. In the small world network most nodes can be reached from every other node
through a relatively small number of links, which means it has short average path lengths,
and in addition, it is highly clustered, i.e. neighbors of a node are likely to be connected with
a link by themselves. Networks with a high power law degree distribution are referred to as
scale-free networks and consist of few highly connected nodes (hubs) and a large number
of nodes with only very few connections (Newman, 2018). The spatially clustered architec-
ture is typical for networks in which the nodes are geometrical elements embedded in space
(Barthélemy, 2011).1 A grid can also be described as connected nodes, where nodes are

arranged regularly and each node has exactly 4 neighbors.

2.2 Dynamics

The description of the microbial invasion dynamics
is related to the description of contagion processes

N
in epidemics. One simplified mathematical repres-

N
entation of an epidemic is the so-called SIR-model / \ —
(Susceptible-Infected-Recovered). In SIR-models in- \ "y o
dividuals that are embedded in a social network can \°)

take 3 distinct epidemiological states:

e Susceptible: The individual does not have the

disease but can catch it if it comes in contact Figure 2.2: Schematic Pore Network

with someone who has the disease. o _
A schematic view of a soil pore network.

e Infected: The individual is infected and can Soil pores are depicted as circles and

pass the disease potentially to a susceptible in- colored according to their state. N: nu-

dividual if they come in contact. tritious (green), O: occupied (red), E:
empty (white)
e Recovered: After some time, individuals usually
recover from a disease because their immune
system fights the disease off. Often, they also

gain immunity and cannot catch the disease again.

1A detailed description of the algorithms used for the network built up and the and the resulting charac-
teristic properties is provided in the supplement.
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While in a traditional approach in SIR-models the population is assumed to be well-mixed,
more realistic models take into account the patterns of social interactions. Individuals are
embedded in a social network of interactions which may lead to a transmission of the disease.
The individuals are represented as the nodes of a social network and the links represent their
regular interactions that potentially lead to a transmission of the disease. The transmissibility
describes the probability that an infection will be transmitted from an infected individual to
a susceptible individual that is connected by a link in one time step (Newman, 2018).

The invasion of the soil pore space by microorganisms can be modelled in analogy to the
spread of a virus in a social network. Comparable to the individuals in an SIR-model the

nodes in the microbial model can take 3 distinct states:

e Nutritious: The pore holds SOM that can be degraded by microbes. Microbes can

potentially live here but there are no microbes at the moment.
e Occupied: The pore is occupied by microbes.

e Empty: The pore does hold neither SOM nor microbes. Microbes find no substrate

here and therefore cannot invade this pore.

In a nutritious pore SOM is available for degradation by microbes that occupy this pore.
Microbes produce extracellular enzymes that break down the primary substrate. They take
up the degraded substrate and grow. If the biomass in a pore reaches the threshold B4z
they invade a new pore, if there is a neighboring pore that is not occupied yet. For this,
half of the microbial biomass is transferred to the new pore. Also, a fraction of extracellular
enzymes that corresponds to the share of biomass is transferred to the new pore. If there
is no neighboring pore that is not already occupied by microbes, biomass continues to grow
according to the density dependent Contois-growth-function. The invasion mechanisms
described here are based on the assumption, that microbes are mobile with a relatively small
exploration radius. Within a given time period, they are able to pass to the neighboring pore
but would not move over large distances. This applies most to various species of bacteria
and less to other soil microbes like fungi. A schematic picture of a soil pore network with

pores in different states can be seen in 2.2.

2.3 Dynamics within a Pore (Node)

The soil pores are characterized by variables, that catch some of the most important biotic
and abiotic environmental properties. By combining in situ zymography of six extracellular
enzymes with p CT scanning it was suggested that pores in a size range from 30um to 150um
radii contain the most active microorganisms (Kravchenko et al., 2019). To represent typical
soil pore size distributions (Weller et al., 2022) we draw the radius of the pore from a normal
distribution with mean pore radius 60pum and a standard deviation «. For answering the first
two questions the standard deviation is kept at O for all simulations, which means all pores
had the same radius (60um). For the purpose of assessing the impact of heterogeneity in

pore properties we then carried out simulations with altered « values. How heterogeneity is
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introduced is described in detail in section 2.3.5.

In addition to size, pores are assigned chemical and biological characteristics. Every pore
holds two pools of substrate, the complex primary substrate C's, and degraded substrate
Cg, a pool of extracellular enzymes Cgy,,, and a biomass pool Cg. The size of the pools is
given in fmolCsp,/um?, fmolCs/um?, fmolCgy./um? and fmolCp/um?, respectively.
They interact in a nonlinear way that is described in the following sections. Kravchenko
et al. (2019) found that the soil volume within 180um distance to the occupied pores was
potentially affected by processes taking place in the pores. To account for this fact, we
approximate the volume of a sphere including the soil volume in close proximity to the pores
(< 180um) as the volume where substrate can potentially be degraded by enzymes and
degraded substrate (Cg) can be taken up.

2.3.1 Microbes

In real soils an enormous variety of microbes can be found, which fulfill many life-supporting
tasks. There are numerous species of bacteria, archaea and fungi. In recent estimates
it is considered that in one gram of soil over 10 000 different bacterial species can be
found (Nesme et al., 2016; Fierer, 2017), that are interrelated in a complex network of
dependencies. Next to other soil functions they are responsible for the production of many
different extracellular enzymes involved in the degradation of organic material (Schloter
et al., 2018).

But in soil systems microbial functions are highly redundant. Therefore, it is an efficient
approach to think of the processes in terms of distinct pools and fluxes between these pools
(Nannipieri et al., 2003). In this respect, microbial diversity is summarized in one type of

microbes that produce one type of enzymes in this model.

Microbial growth

In addition to substrate limitation, density dependent factors can regulate microbial growth.
Competition for substrate, space constraints, or production of toxins dampen microbial
growth. Therefore, we chose a growth function that includes microbial density as a regulation
factor. Coche et al. (2020) highlighted the importance of including density regulation in
degradation models especially for heterogeneous distribution of microbes and substrate.
Further, they presented the Contois growth function as a valuable alternative to the Monod
growth function for modelling decomposition processes.

In our model, microbial uptake is determined by their maximum growth rate vy,qz,
concentration of the limiting substrate C's and population density C'p in the pore, based on

the formula for microbial growth described by Contois (1959).

uptake . Umax CS(t)
cef ke(t) = K. -Cp(l) + Cs(0) (2.1)
Cp(t+ At) = Cp(t) + (1 —ef,) - O™ — 1. Cp(t) (2.2)

The growth parameter K. is a constant regulating the density dependence of growth.
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Umaz, the maximum growth rate, is also constant under defined conditions.

Maintenance respiration is considered as a constant fraction r of biomass that is calculated
every time step. If the C taken up is sufficient for maintenance and is not used up, the
remaining C is used for enzyme production and growth. A fraction ey, of the remaining C
is used for enzyme production, the rest is added to the biomass. Standard values used for
the parameters in the simulations can be found in table 2.1.

Under starvation, if the C-uptake is not sufficient for meeting maintenance respiration the

lack of C is compensated with C from the biomass.

Death

A loss of microbial biomass can take place either by starvation or by stochastic catastrophic
death. Catastrophic death is represented in the model as a small fraction of randomized
size of the microbial biomass that is lost every time step. The actual size of the fraction
that is lost by catastrophic death is calculated as a random number in the range of d for
each pore every time step. Starvation means that the microbial C uptake does not meet
the needs for maintenance respiration. In that case the C needed for respiration is taken
from the microbial biomass minus C uptake in that time step. Biomass cannot get negative.
If biomass reaches 0 in a pore, the pore is considered no longer occupied. Biomass is not

recycled in the model.

2.3.2 Substrate

Pores hold two pools of substrate, the complex primary substrate C's;, and degraded substrate
Cyg accessible for microbial uptake. A fraction diff-fr of the degraded substrate diffuses to
the neighboring pores in equal parts in every time step.? There is no regrowth of substrate

in the model.

Enzymatic breakdown

The enzymatic reactions involving various enzymes that are responsible for degradation of
organic matter originating from plant material through multiple steps are simplified to one
degradation step. We do not differentiate different types of enzymes, but there is a single
pool of enzymes and a single form of complex substrate. Microbes produce extracellular
enzymes proportionately to their biomass in each pore. The enzymes are exuded to the
pore space and added to the pool Cgy,,, they act in the entire space of the pore where
they are located, but not further. The enzymes contained in the pool Cg,, of a pore break
down the polymers of the complex primary substrate contained in the pool Cg, in one step
to monomers that can be taken up by microbes. The enzymatic reaction is carried out

according to Michaelis-Menten-kinetics(Wang et al., 2012):

CEnZ(t) ) CSp(t>
khair + Csp(t)

CS(t + At) = CS(t) + keat (23)

2The standard value for diff-fr can be found in table 2.1
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Figure 2.3: Conceptual Model of the processes in one pore
The biotic and abiotic processes as they occur in each occupied pore in every time step. Microbes
produce enzymes and release them into the pore space, where with the help of the enzymes organic
matter (primary substrate) is broken down. The degraded substrate is taken up by microbes according
to the Contois-growth function. A given fraction of the degraded substrate diffuses to the neighboring
pores.

In this formula keq is the maximum specific enzyme activity (maximum number of
catalyzed reactions per mol Cgy,, per time step) and kpq ¢ is the half saturation constant.
The amount of Cs that results from the reaction in one time step is added to the Cs pool.
Enzymes are not used up by these reactions, but rather are inactivated after a certain time.

The amount of enzymes in a pore changes according to the formula:

1

k

Cpns(t+ At) = Cona(t) + epr - C§" " (8) = .= Cina (1) (2.4)
enz

Where C#'"*(t) describes what microbes were able to take up in a certain time step. ej,

is the fraction of the uptake dedicated to enzyme production and ﬁm is the rate of enzyme

inactivation. The values for the enzymatic parameters can be found in table 2.1.

2.3.3 Parameters

To determine parameter settings that represent the interrelated mechanisms taking place in
the soil pore as authentic as possible, we first extracted measured values for all parameters
from the literature to obtain a range of reasonable values. We then carried out a parameter

sensitivity analysis within these ranges to find a setting that suits the real world as good
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as possible. Parameters for which we could not find values in the literature, we calibrated
such that the model outputs meets typical characteristics of similar systems. Additional

information can be found in the supplement in section 6.3.

For the model calibration we focused on agriculturally used soils that were subjected to
conventional tillage. Pérez-Reche et al. (2012) extracted the pore network of agricultural
soil samples and gave the number of pores and number of links for the three samples. The
average are 839 pores per cm? with an average node degree of 2.7 (Pérez-Reche et al.,
2012). We assumed a bulk density of 1.43g/cm? and porosity® of 0.1679 which are average
values for conventionally ploughed soils from samples from the Soil Structure library (Weller
et al., 2022). Wang et al. (2012) collected values for many important enzyme parameters
for model calibration, which we used as starting point for calibrating the enzyme parameters.

Standard Parameters used in the model simulation runs unless stated otherwise are

summarized in table 2.1 and 2.2.

3fraction of volume of voids over the whole volume.
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Table 2.2: Standard Network parameter settings
Parameter ‘ Description ‘ Value ‘ Unit ‘ Source
839 Pérez-Reche et al. (2012)
2.7 Pérez-Reche et al. (2012)

N Number of nodes pores

node-degree | average node degree

2.3.4 Initial conditions

This section describes the initial conditions used in the simulations, initial substrate con-
centrations Sy, distribution of microbial biomass Cz and enzymes Cg,. *. For a major
part of the experiments primary substrate was distributed evenly over all pores at two levels,
for which various comparisons are listed in the first two sections in chapter 3. For these
experiments the substrate concentration in all pores was either Sy = 0.5 fmol Cg,, / um3
or Sy = 5 fmol Cg, / wm>. Note that substrate with a distance < 180um to the pore is
assumed to be reachable, as described in section 2.3. The amount of substrate assigned to a
pore therefore is proportional to the soil volume in close proximity and not only to the volume
of the pore itself. In the section that is concerned with chemical pore properties a wider
range of values for Sy is used, but still the distribution is uniform over all pores. Only in
the last section about the effect of additional heterogeneity one experiment investigates the
effect of the distribution of primary substrate over the pores. How additional heterogeneity
is introduced is described in the next section.

The initial microbial occupation by default is By = 0.1 fmol Cz / pm? in 10% of all pores
that are randomly chosen. The figures 6.9 and 6.8 in the supplement explore the effect of
the number of initially occupied pores. In all initially occupied pores also an initial amount
of enzymes, Ey = 0.02 fmol Cg,. / pm?>, and degraded substrate, Dy = 0.01 fmol Cs /

wm?3, can be found.

2.3.5 Additional heterogeneity

Section 3.5 describes simulation results from experiments with varying heterogeneity in pore

sizes, substrate concentration and Bjqq-

Heterogeneous pore sizes

For the experiments with heterogeneous pore sizes we intended to cover the range of radii
from 30 — 150m that Kravchenko et al. (2019) described as specifically important for mi-
crobial activity, but also expand the range to pores both smaller and larger than this range.
Therefore, we choose as mean radius 80um and draw the pore radii from a normal distribu-
tion with a standard deviation proportional to alpha, such that the maximum range, when
alpha = 1, included radii from 10 — 170um. We kept the amount of initial substrate in
each pore the same for this experiment. The size of the pores varied proportional to alpha,
and the amount of substrate was the same as if all pores had the same size, therefore this

resulted in large pores with low substrate concentration and small pores with high substrate

*Figures 6.5, 6.6 , 6.7, 6.8, 6.9 in the supplement display the impact of the initial conditions.
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concentration. Since Bj,q, depends on the pore size, it also changed in this experiment. In

large pores a higher amount of biomass needs to be reached for invasion of a new pore.

Heterogeneous substrate distribution

In another experiment only the substrate concentration varied and the pore sizes were all
equal. The same amount of initial primary substrate as in a system with equally distributed
substrate is here distributed randomly over the pores corresponding to a normal distribution
and ensuring that the values are within a given range (0.01 — 8.6fmolC’gp/,um3 for the low
mean initial substrate concentration of 0.5 fmolCs,/um? and 0.13 — 86 fmolCs,/pm? for
the high mean initial substrate concentration of 5fmolCs,/um?). The mean of the normal
distribution was kept constant for all simulations and the standard deviation was varied in
relation to alpha. The larger alpha, the larger the standard deviation of the normal distribu-
tion from which the values for the initial substrate concentration of a pore were drawn. This
results in a very heterogeneous substrate distribution with larger alpha. When alpha is 0,
the initial amount of substrate is the same in all pores. Pore sizes and other pore properties

were kept constant and equal for all pores in this experiment.

Heterogeneous B, .,

In the previous experiments the biomass concentration threshold for invasion of a new pore
was always the same for all pores. In real soil pores this value might differ immensely
for pores due to the spatial distance of the neighboring pore or chemical properties of the
pores that enhance or undermine microbial active or passive mobility. To consider this, we
studied the effect of heterogeneous B4, on the microbial efficiency. We draw the values
from a normal distribution with mean 8 fmolCp/um? and a standard deviation proportional
to alpha and constrained the range at the minimum at 0 fmolCp/um? and at maximum
16 fmolCp/pum3.
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Chapter 3

Results

Efficiency of microbial soil organic matter decomposition can be described in terms of the
proportion of initial substrate that was degraded, the time it takes to degrade the substrate,
the carbon use efficiency of the microbes and the size of the occupied area in the pore
network. In the sections below we investigate microbial growth parameters and various
network properties with regard to their impact on microbial decomposition efficiency. In
section 3.1 we show a comparison of the traditional grid model, where each node has exactly
4 neighbors, with the other network types. To achieve comparability between the grid
architecture and the other network types, we constructed all networks in this section with
an average node degree of 4.1 Then, in section 3.2 we investigate in detail the influence
of microbial growth parameters, substrate concentration and enzymatic parameters in the
different network types. For a more accurate representation of soil pore networks sampled
from soil CT scans, we construct all network types with an average node degree of 2.7
(Pérez-Reche et al., 2012) from this section on. Because this does not allow to compare to
a grid model with 4 neighbors anymore, we use only the 4 network types in the simulations
from this section on. Section 3.3 illustrates on which model parameters the probability of
transmission to a neighboring node depends in our model and how it differs between the
different network types. The last section (3.4) is about the influence of structural network
properties on decomposition efficiency. Here we investigate the impact of the average node
degree, clustering coefficient, shortest path length and number of nodes in a network on the

decomposition efficiency.

3.1 Grid vs. Network

In this section we first give an overview of degradation dynamics in the grid model and in all
network types. Then we compare the effect of microbial growth parameters on the decom-
position efficiency on the grid and in all network types. To maintain comparability between
the grid model and the model on the different network types, an average node degree of 4
was chosen for the construction of the networks in this simulation, despite being unrealistic

for real soil pore networks. The number of nodes equals the number of grid-cells and is

!For a detailed analysis of the effect of the average node degree on the decomposition efficiency see section
3.4.2.
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a) low initial substrate concentration b) high initial substrate concentration
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Figure 3.1: Temporal dynamics of primary substrate in different network types at two dif-
ferent initial substrate concentrations

The lines show the sum of primary substrate left in all pores, which is an indicator for decomposition
efficiency. The colors represent the different network types and the grid model. The average node
degree for all networks was 4, the number of nodes 841. The grid was also initialized with 841 grid
cells. The dashed red line indicates 10% of the initial substrate. We find that the degradation of
primary substrate is more complete at higher initial substrate concentrations, while at lower initial
substrate concentrations the amount of primary substrate left over is strongly influenced by network

type.

841 for all experiments in this section. This is a number of pores, relatable to as it may be
found in 1cm? of real soil (Pérez-Reche et al., 2012). The simulations in this section are
initialized with a certain amount of primary substrate evenly distributed over all nodes. We
simulated two scenarios: a high initial substrate concentration (Sy = 5 fmol Cs, / um?)
and a low initial substrate concentration (Sp = 0.5 fmol Cs, / um?). There is no regrowth

of substrate during the simulation.

3.1.1 Overview of degradation dynamics

Figure 3.1 gives an overview of the development of the primary substrate over time. The
temporal development of the decomposition of the primary substrate shows some similarities
and some differences between the different network types and on the grid. Since there was
no regrowth of substrate in this simulation the initial primary substrate is broken down by
enzymes, which can be seen by the decreasing amount of primary substrate in all network
types. The time needed for degradation and the degree of completeness of degradation of
the initial substrate were used as indicators for the degradation efficiency. The behavior
of the small world network and the grid model is rather similar. They enable complete
decomposition of the primary substrate in both initial substrate levels. The only difference
is, that decomposition takes longer in the small world network. In all other network types
at a lower initial substrate concentration (Figure 3.1, a) not all of the initial substrate could
have been degraded. In the scale-free network about 17% of the initial substrate remained
undegraded (Figure 3.4, a). What is somewhat counterintuitive is, that the decomposition

is more efficient for higher initial substrate concentration in most network types. Although,
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Figure 3.2: Temporal dynamics of microbial biomass in different network types at two dif-
ferent initial substrate concentrations

The lines show the sum of microbial biomass in all pores. The colors represent the different network
types and the grid model. The average node degree for all networks was 4, the number of nodes
841. The grid was also initialized with 841 grid cells. We find that with a substrate concentration
10 times higher, the maximum microbial biomass is also more than 10 times higher. Further, the
network structure impacts the dynamics of microbial biomass. The networks that have a lower
maximum biomass allow the microorganisms to survive and spread through the network for a longer
period of time.

in the beginning there is more primary substrate, the fraction that is left at the end is lower.
This effect is illustrated in the figures 3.1, 3.4, 3.16 and also in figure 3.24. The intensity
of this effect is different for different network types.

The enzymes that break down the primary substrate are produced by microbes which grow
by taking up the degraded substrate. When the substrate is used up or no more substrate is
reachable for the microbes to degrade, microbes die due to starvation. A comparison of the
development of the microbial biomass in all network types and in the grid model is shown in
figure 3.2 2. In the beginning microbes find enough substrate and biomass increases. When
the available substrate is consumed biomass decreases again until all microbes die. How
long this takes depends on the network type and the initial substrate concentration. For all
network types we find more than 10 times higher maximum microbial biomass with an initial
substrate concentration 10 times higher. Remarkable differences in the maximum biomass
were observed among the different network types. In the random network and on the grid the
biomass maximum was much higher compared to the other network types, especially with low
initial substrate concentration. In these two network types microbial biomass first increased
fast to a high value to afterwards also decrease fast. The stop condition of C'z < 0.01 - By
was reached after a short time period. On the other hand, the networks that have a lower
maximum biomass allow the microorganisms to survive and spread through the network for
a longer period of time. It took the longest in the spatially clustered network until the stop
condition was fulfilled, that only 1% of the initial biomass is left in all pores. Also, in the
spatially clustered network which is one of the networks with lower maximum in biomass

microbes were alive for a relatively long period. The scale-free network is special in the

2A more detailed depiction of the correlations between initial substrate concentration and biomass in all
network types can be found in the supplementary material (figure 6.5).
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Figure 3.3: Number of occupied pores in dependence on maximum microbial growth rate

Umag N all network types and the grid model

Efficiency of the microbial invasion in all network types and on the grid. The average node degree
of all networks is 4 and the number of nodes 841. Each point depicts the accumulated number of
pores invaded during one run. Each pore that was invaded by microbes was count once at its first
time becoming occupied. The color of the point represents the network type. The system shows a

threshold behavior: If a threshold value v}, .. for Vyas is exceeded, even a small change will cause a

large-scale invasion of the pore space. Below the threshold the number of occupied pores is 10% for
all network types, as this was the fraction of pores that were initially occupied. The points overlay
here.

sense that it has a low maximum but also the stop condition was reached relatively early.
Similarly, the network structure affects the efficiency in terms of the proportion of primary

substrate decomposed (figure 3.4).

3.1.2 Influence of microbial growth parameters

From the overview of degradation dynamics we will now turn to an investigation of the effect
of an important factor determining microbial growth, the maximum microbial growth rate
Umaz (see equation 2.1). This section still investigates the differences in the network types
and the grid model and therefore uses average node degree 4 for all network types. This is
in contrast to the following section, where we provide a detailed analysis of the impact of
further factors related with microbial growth, in more realistic networks with average node
degree 2.7.

Our results show, that microbial growth rate is crucial for the invasion of the network.
To obtain the fraction of pores that were invaded by microbes the accumulated number of
pores invaded during one run was count. Each pore that was invaded by microbes was count
once at its first time becoming occupied. Pores were not counted multiple times if they were
invaded more than once.The system shows a threshold behavior with regard to a change in
Umaz- A smaller vy, slows down microbial growth. During this longer time period until
the maximum is reached, microbes use up substrate for maintenance respiration in each
time step (1 hour). The substrate left for growth then only allows for a lower maximum
microbial biomass, which is too small to allow the passage to a new pore with v,4, below
the threshold v

max-*

So, in this case no new pores can be invaded and only the substrate in
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Network type | v}, .. with low initial substrate | v} .. with high initial substrate
grid 0.22 0.17
scale-free 0.23 0.17
random 0.22 0.17
small world 0.22 0.17
spatially clustered 0.22 0.17

Table 3.1: Threshold for the invasion of more than 75% of the pore space in the different
network types and with low initial substrate concentration (Sy = 0.5 fmol Cs, / pm?3) and
high initial substrate concentration (So = 5 fmol Cs,, / um?). The scale-free network stands
out in that it enables the invasion of 75% of the pore space only for higher v;,,, than all
other network types in the lower initial substrate regime.

Network type | Proportion of occupied pores
grid 99.9%
scale-free 83.8%
random 95.9%
small world 99.9%
spatially clustered 97.0%

Table 3.2: Average invasion efficiency in terms of proportion of pores that could have been
occupied. For all network types with average node degree 4 and v, >= 0.29. The number
of pores was 841 in all networks and the initial substrate concentration Sy = 0.5 fmol Cg,

/ pm?.

the initially occupied pores is used up. Already a small change of v,;,4, So that it lies above
the threshold v

* ax» NOWever, leads to a large-scale invasion. The transition from the state

where no invasions occur to invasion of large parts of the network is smooth. We calculated

threshold values v is equal to 0.23 in the

max

scale-free network and 0.22 for all other network types in the simulation with average node

for an occupation of 75% of the pores. v, ..
degree of 4 and initial substrate concentration Sy = 0.5 fmol Csg, / pum3(Figure 3.3 and
table 3.1). The difference in the invasion efficiency in the scale-free network is shown in
figure 3.3. In the scale-free network not only a larger fraction of substrate is left undegraded,
also the size of the invaded pore space is smaller. While in the scale-free network the average
proportion of occupied pores for all v,q, > 0.24 lies at 83.8%, in all other network types the
invasion is significantly more efficient (over 95%, p < 0.001, see table 3.2). There are also
highly significant differences between all other network types for the invasion efficiency in
this experiment, but not between the grid and the small world network3. These two network
types showed equal invasion efficiency. In both, the small world network and on the grid,

the microbes invaded more than 99% of the pores on average (table 3.2).

Maximum microbial growth rate also determines the completeness of the decomposition
of initial primary substrate. Data from figure 3.4, which shows a tipping point in the fraction
of initial primary substrate that remained undegraded at the end of the run in dependence
ON Umaz, Can be compared with the data in figure 3.3 which shows a tipping point in

invasion efficiency in dependence on v,,.,.. Similarly, we also see a fast increase of the

3We used ANOVA and a Tukey post-hoc test to investigate significance of the differences.
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decomposition efficiency in terms of the fraction of initial substrate that was degraded when
Umag 1S high enough to enable microbes to pass to new pores. But beyond that threshold
network structure becomes a limiting factor. Figure 3.6 provides a comparison of the impact

of network structure on the decomposition efficiency and the impact of v;,4; in a parameter

*

az- Above this threshold further increase in vy, does not affect the fraction

range above v
of substrate that was degraded, but the determining factor is network structure. In the
scale-free network 16% of the initial substrate remained undegraded averaged over v,,q.
from 0.24 to 0.4. Whereas, in all other network types and on the grid the decomposition
was much more efficient (Figure 3.4). Only in the random network a small fraction of
the initial substrate (4% on average over v, from 0.24 to 0.4) is left at the end of
the run and an even smaller fraction (3% on average over vq, from 0.24 to 0.4) in the
spatially clustered network. Surprisingly, the pattern looks very different with higher initial
substrate concentration. For all v;,4; above the threshold the initial substrate was completely
decomposed in the scale-free network with an initial substrate concentration Sp = 5 fmol
Csp / um3. In the other two network types where the degradation was not complete
with a lower initial substrate concentration, the degradation was also more efficient but not
complete with a higher initial substrate concentration, as can be seen in b) in figure 3.4.
There were 1,6% of initial substrate left at the end in the random network averaged over all
Umaz above the threshold and 0.8% in the spatially clustered network. The network structure
of the scale-free network featuring few highly connected hubs and a high number of nodes
with very low degree leads to an increased amount of primary substrate left at the lower
initial substrate concentration. When the substrate in the highly connected hubs is used up
these pores become uninhabitable in this setting without substrate regrowth. Parts of the
network, however, can only be accessed through these hubs. Therefore, these parts become
effectively inaccessible for microbes and unconnected from the network. Primary substrate in
the disconnected pores cannot be degraded. This effect diminishes with a very high primary
substrate concentration. Then there is enough substrate to allow strong microbial growth.
The microbes reach B4, more than once and pass through more links stemming from this
hub and in that way also reach the network periphery.

In addition, figure 3.5 compares how long it takes to decompose 70% of the initial
substrate in all network types for different v,,,, with two different initial substrate concen-
trations. In the lower initial substrate regime significant differences in the duration of the
decomposition of 70% of the initial substrate for all network types compared to the model
on the grid can be observed®. Averaged over all v, > 0.22 (to guarantee that the 70%
mark was reached in all network types) the decomposition was the fastest in the model
on the grid (161 time steps) and in the random network (164 time steps). In the other
three network types decomposition was much slower: it took 185 time steps in the spa-
tially clustered network, 197 in the small world network and 178 time steps in the scale-free
network to decompose 70% of the initial substrate on average. All of these network types
showed highly significant differences in the decomposition time compared to the model on

the grid (p < 0.001) and also between the network types there can highly significant differ-

®We used ANOVA and a Tukey post-hoc test to investigate significance of the differences.
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Figure 3.4: Remaining primary substrate for different maximum microbial growth rates v,qz
in all network types and the grid model.

Fraction of initial primary substrate that remained undegraded at the end of the run in all network
types and on the grid. All networks were constructed with average node degree 4 and 841 pores. The
colors depict the network types. Maximum microbial growth rates v,,4, on the x-axis. Values are
averaged over 5 runs, error bars indicate standard devaition. Below a threshold vy, ,.. no invasions
occur and only the subsrate reachable from the initially occupied pores can be degraded. Above
the threshold we found a dependence of the decomposition efficiency on the network type. At lower
initial substrate concentration there was significantly more substrate left undegraded in the scale-free
network (p < 0.001) compared to the other network types for v, > 0.24*. This difference even
remains for higher maximum growth rates of the microbes and is not compensated for by faster
growth.
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Figure 3.5: Time until 70% of initial substrate were degraded in all network types and the
grid model.

Duration of the decomposition of 70% of the initial substrate in all network types and on the grid.
The average node degree of all networks is 4. Only simulation runs are shown where at least 70% of
the initial substrate were degraded. Averaged over 5 runs, error bars indicate standard deviation.
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Figure 3.6: Remaining primary substrate for different maximum microbial growth rates v,qz
above v}, ... in all network types and the grid model

Fraction of initial primary substrate that remained undegraded at the end of the run in all network
types and on the grid for vp,4, above v}, ... All networks were constructed with average node degree
4 and 841 pores. All values for v,,,q, lie above the threshold v}, ... In this range of values, no further
increase in decomposition efficiency can be achieved by an increase of the maximum microbial growth
rate. The amount of substrate left at the end of the run strongly depends on the network type.
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Figure 3.7: Decomposition rate for the first 70% of initial substrate
Substrate decomposed per time step for the first 70% of the initial substrate in all network types and
on the grid for different v,,,4,. The average node degree of all networks is 4. Averaged over 5 runs,
error bars indicate standard deviation. The overall rate of decomposition is smaller with the smaller

Umaz, and especially close to the threshold v}, .. the decomposition rate is very low.
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ences be found between most pairs®. The lower initial substrate concentration only enabled
to reach the 70% mark with a v,,4 >= 0.23 in the scale-free network and v,,q; >= 0.22

in all other network types. Decomposition was very slow with v,,4, close to the threshold

*

for large-scale invasion v}, ..

(compare with table 3.1).

From b) in figure 3.5 it can be seen, that in the high initial substrate regime in all network
types it was possible to reach the 70% mark already with a lower v;,42. Umaz = 0.17 enabled
to decompose 70% of the initial substrate, but it took significantly longer to achieve this
in all network types (p < 0.001). A significant difference between the two initial substrate
concentrations could be found when only taking v,,4, > 0.22 into account. Although the
amount of substrate is 10 times higher in the high initial substrate concentration regime,
it did not make a large difference in the time needed to decompose 70% of this. With the
lower initial substrate concentration, decomposition of 70% of the initial substrate took 135
time steps averaged over all network types. With high initial substrate concentration, it took
145 time steps. Higher initial substrate concentration enables more complete decomposition
already for smaller v,,42.

t*
We defined the decomposition rate as d = M

, Where t* is the time necessary to
degrade 70% of the initial substrate and Cye, is the amount of Cg, degraded in each time
step. The decomposition rate is not constant but changes over time, we compute an average
decomposition rate over the time interval that is needed to decompose 70% of the initial
substrate. How the degradation changes over time is set out in figure 3.1. The rate of
decomposition in all network types and on the grid for the first 70% of the initial substrate
is compared in figure 3.7. The overall rate is smaller with the high substrate concentration,

and especially close to the v,4; threshold the decomposition rate is very low.

3.2 Comparison of the network types

The previous section has compared the model behaviors on different network types and on
a regular grid. However, in real soil pore networks the average node degree is usually lower
than it is used in the previous section to guarantee for comparability of the network types
with the grid. In the following an average node degree of 2.7 is used, to approximate pore
networks extracted from actual soils more correctly (Pérez-Reche et al., 2012). We first
illustrate the impact of maximum microbial growth rate, the initial substrate concentration
and the interplay between these factors on the decomposition efficiency in all network types.
Then, we analyse enzymatic parameters with regard to their impact on microbial efficiency

in all network types.

3.2.1 Interplay between maximum microbial growth rate and initial sub-
strate concentration

Figure 3.8 shows the connection between initial substrate concentration and microbial inva-
sion efficiency. There is a threshold S between 0.4 and 0.5 fmol Cs, / pm? over which

invasion of large network parts is possible. Below this threshold only in the initially occupied

®We used ANOVA and a Tukey post-hoc test to investigate significance of the differences.
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Figure 3.8: Number of occupied pores for different initial substrate concentrations

Number of occupied pores for different initial substrate concentrations in fmol Cs, / um?. Each
point depicts the accumulated number of pores invaded during one run. Error bars show the
standard deviation. Each pore that was invaded by microbes was count once at its first time
becoming occupied. The color of the point represents the network type. The average node degree
of all networks in this experiment was 2.7. Therefore we leave out the grid model from now on, due
to insufficient comparability. Values from 5 runs. We observed a threshold behavior in the initial
substrate concentration for large-scale invasion of the pore space. Below the threshold Sj it is not
possible for microbes to invade new pores. Whereas a small increase in Sy above the threshold leads
to an invasion of large parts of the network.
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Figure 3.9: Proportion of occupied pores for different initial substrate concentrations and
different v,qz

The colors depict from green to red increasing proportions of pores that were invaded by microbes in
dependence on initial substrate concentration and microbial growth parameter v,,,,. Each network
type is shown in one plot. The average node degree was 2.7 for all networks (therefore without the
grid model). Averaged values from 5 runs.

There is a minimum initial substrate concentration (0.5 fmol Cs, / um?) and a minimum microbial
growth rate vy,q, (0.17) to allow microbes to invade pores at all, that were similar for all network
types. Above these minima, v,4, and initial substrate concentration interplay with the network type
in enabling invasions. Invasion was the least efficient in the spatially clustered network, whereas in
the small world network a relatively high number of nodes was occupied for wide parameter ranges.
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Figure 3.10: Time needed for decomposition of 70% of initial substrate for different initial
substrate concentrations.

Number of time steps until 70% of the initial substrate is degraded for different initial substrate
concentrations in fmol Cs;, / um?®. For each setting 5 runs were simulated, but only runs where at
least 70% of the initial substrate were degraded are shown.

With initial substrate concentrations higher than 1 we see a linear correlation between initial substrate
concentration and time needed for decomposition. These are values of initial substrate concentration,
where in all network types the maximum number of invadable pores is reached by microbes (Figure
3.8). Below an initial substrate concentration of 1 Cs,, / um?® decomposition is remarkably slower.
We observed slower degradation close to the threshold (.Sg).

pores microbes can be found. Between 0.5 and 1 fmol Cg, / um3 there can be seen high
variability in the number of occupied pores within and between the different network types.
Furthermore, it depends on the network type whether microbes are able to invade all pores
ore not. The construction algorithms of the random network and the spatially clustered
network produce disconnected networks that consist of many smaller components for an
average node degree of 2.7 (figure 3.21). There may exist unconnected areas of the network
from which no node was occupied initially. Due to lack of connections an invasion of these
areas is not possible from other network parts.

The impact of the initial substrate concentration on the duration of the decomposition is
shown in figure 3.10. With initial substrate concentrations higher than 1 we see a linear
correlation between initial substrate concentration and time needed for decomposition of
70%. These are values of initial substrate concentration, where in all network types the
maximum number of invadable pores is reached by microbes (Figure 3.8). Below an initial
substrate concentration of 1 Cg;, / pwm?3 decomposition is remarkably slower. We observed

slower degradation close to the threshold (S5), which is similar to what we observed earlier

*
max

Umaz and their impact on the occupied pores are summarized in figure 3.9.

for v;qz values close to the threshold v in figure 3.5. The interrelations between Sy and

3.2.2 Impact of enzymatic parameters

Enzymatic reactions also strongly impact microbial activity and decomposition efficiency

(see equation 2.3). This section is concerned with the impact of k.4, the maximum kinetic
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Figure 3.11: Impact of k-cat on the number of occupied pores.

Pores that were occupied by microbes for different maximum enzyme activity parameter k-cat. Colors
indicate network types. The average node degree was 2.7 for all networks. Values from 5 runs.

Enzymatic activity is fundamental for microbial uptake and growth. We observed, that for too low
k-cat microbial growth stays below the threshold B}, ... and invasion of pores is not possible. Is k-cat

max

high enough to enable invasion in principle, the invasion efficiency strongly depends on the network
type.

enzyme activity. Figure 3.11 summarizes the impact of k., on the fraction of pores that
were occupied. Aside from vy,q,; and Sy, high enough enzyme activity is fundamental for
an efficient invasion of the pore space. With too low k.,; microbes only stay in the initially
occupied pores, because they never reach B;,.:. These results are also reflected in figure
3.12.

3.3 Transmission

To compare the system of microbes decomposing substrate in a pore network with classic
SIR-models it is also useful to assess what impacts the rate of transmission of microbes
from one pore to another. In SIR-models the transmission rate is fundamentally influenced
by the transmission probability. We define transmission probability as the mean fraction of
neighboring pores that was invaded from a pore. In our model the transmission probab-
ility depends on the network type, microbial growth factors and available substrate. 3.13
presents the average transmission rate of a pore in all network types with different initial
substrate concentrations. If the substrate concentration is very low, microbes don't reach
Biaz and no invasions happen. Is the substrate concentration high enough, microbes reach
the neighboring pores which also provide substrate and enable microbial growth. But the
figure also shows, that over a minimum initial substrate concentration that is needed to
reach Bj,q: no further increase of transmission probability was observed with higher sub-
strate concentration. The network type also influences the transmission probability. In the
scale-free network the transmission probability was lower than in the other network types for
all substrate concentrations. Also a dependence of the maximum microbial growth rate on

the transmission probability was observed. Figure 3.14 presents the transmission probabil-
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Figure 3.12: Impact of k-cat on the amount of primary substrate left at the end.

Proportion of primary substrate that was left at the end for different enzymatic enzyme activity
parameter k-cat in al network types. Error bars indicate standard deviation. The average node
degree was 2.7 for all networks. Values from 5 runs.

In the decomposition efficiency there is a step from no decomposition to decomposition of the
available substrate in the initially occupied pores with an increase in k-cat from 0.25 to 0.5 (in the
low substrate concentration scenario). With further increase in k-cat, we observed an interplay with
the network structure and different decomposition efficiency depending on the network type.
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Figure 3.13: Transmission probability for different initial substrate concentrations in all
network types

Transmission probability as the mean fraction of neighbors of a pore that was invaded from a pore
per time step in all network types. Initial substrate concentrations from 0.1 to 5fmol Csp/pm3.
Umaz Was 0.29. Averaged over 5 runs. Error bars indicate standard deviation.

If the substrate concentration is very low, microbes don't reach B,,,, and no invasions happen. Is
the substrate concentration high enough, microbes reach the neighboring pores which also provide
substrate and enable microbial growth. But over a minimum initial substrate concentration that
is needed to reach B,,,, no further increase of transmission probability was observed with higher
substrate concentration. With high substrate concentrations the network type shows strong influences
on the transmission probability.
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Figure 3.14: Transmission probability for different v, in all network types.
Transmission probability as the mean fraction of neighbors of a pore that was invaded from a pore
per time step in all network types. vp,q, from 0.21 to 0.29. Initial substrate concentration was
0.5 fmol Cs,/um?®. Averaged over 5 runs. Error bars indicate standard deviation.

With increasing v, 4, the transmission probability increases up to a certain value where then further
increase in v, does not impact transmission probability anymore. Network structure plays a crucial
role for the transmission probability.
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S, = 0.5 fmol Cg,, / um?
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Figure 3.15: Transmission probability for different By,4, in all network types
Transmission probability as the mean fraction of neighbors of a pore that was invaded from a pore
per time step in all network types. B4 from 2 to 14 on the x-axis. Initial substrate concentration
was 0.5 fmol Csp/um?’. Umaz = 0.29. Averaged over 5 runs. Error bars indicate standard deviation.
Is Biaz too high, so that microbes can not reach this value, no invasions occur and the transmission
probability is 0. In the lower range of B, again the network type governs transmission probability.
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ity for different v, values with an initial substrate concentration of 0.5 fmol Cgp/um?’.
Similar dependence of the transmission probability on the microbial growth parameter as
on the substrate concentration is shown. With increasing v,,,q, the transmission probability
is increasing up to a certain value where then further increase in v,,4, does not impact
transmission probability anymore. This value was approximately the same for all network
types (for vyna: > 0.24 no further increase in the transmission probability was observed).
However, the transmission probability differed between the network types. It was the lowest
again in the scale-free network.” Figure 3.15 displays the interrelation of the transmission
probability with Bjq:. In a range where B, is reachable for microbes with the specific
parameter settings (So = 0.5 fmol Csp/pum?, vmaz = 0.29) network structure has strong
impact on the transmission probability. If B,,,. is too high, microbia biomass never reaches

this value in a pore and no invasions occur at all.

3.4 Network properties

The second research question aims to determine the effect of network properties like num-
ber of nodes, average node degree, shortest path length and clustering coefficient on the
efficiency of organic matter decomposition. A strong indicator for the impact of the con-
nectivity pattern of the different network types is figure 3.16. It compares the fraction of
substrate that was left at the end of the run in all network types with different network
sizes. The effect of the network size on the decomposition efficiency was only marginal. But
the effect of the interplay of initial substrate concentration and the network structure on
the decomposition efficiency is very clear. The scale-free network which is the network type
where the largest fraction of initial substrate remained undegraded with low initial substrate
concentration is also the network type where decomposition was very efficient when the sub-
strate concentration was high enough. With a substrate concentration of 5 fmol Cgp/um?’
nearly all of the initial substrate was degraded. This effect can also be seen for the other
network types but it is outstandingly strong in the scale-free network. The following section
is concerned with a detailed analysis of the impact of network properties on decomposition

efficiency.

3.4.1 Clustering coefficient and average shortest path lengths

The clustering coefficient and average shortest path lengths of a small world network depend
on the rewiring probability (figure 3.17). Because in this network type the parameters
clustering coefficient and shortest path length can be changed while the other network
properties are conserved, this type is very well suited to experimentally investigate the effects
of these parameters. To analyze the effect of these network properties on the decomposition
efficiency, we used the small world network type with varying rewiring probability. The
rewiring probability p is defined as the probability with which each link is randomly rewired

after all nodes are connected to their close neighbors in the setup of the small world network.

"Details on the distribution of the transmissions over the pores in the different network types can be found
in the supplementary material.
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Figure 3.16: Primary substrate left for different network sizes

Fraction of primary substrate that was left at the end of the run for different network sizes in all
network types. The average node degree was 2.7 for all networks. Averaged over 5 runs. Error bars
indicate standard deviation. Note the different scales of the y-axes.

We found that the number of nodes does not influence the decomposition efficiency. The overall
proportion of substrate left was similar for all network sizes in both substrate level scenarios. A
dominant factor is the network type and the initial substrate concentration.

This rewiring process introduces shortcut connections over long distances in the network.
The rewiring probability is decisive for the clustering and the path lengths in the network.
The more links are rewired in the construction of the small world network, the lower the
local clustering and the shorter the average path lengths. The connectivity structure of a
small world network without rewiring (p = 0%) is equivalent to a regular grid. Whereas with
p = 100% all links are randomly rewired, what results in a random network. Between these
extremes, more or less strongly clustered networks can be identified. Furthermore, the larger
the network, the longer the average shortest path length. Figures 3.17 and 3.18 illustrate the
connection of the rewiring probability with the shortest path length and clustering coefficient
in small world networks. The higher the rewiring probability, meaning that more links are
reconnected during the set-up process, the lower is the clustering in the network. Small
world networks with a rewiring probability of 5% can reach clustering coefficient values that
are similarly high as in the spatially clustered network. This is true at least for an average
node degree of about 4 (3.18, a).

The comparison in figure 3.19 shows high similarity between the two initial substrate
concentration regimes, which is in accordance with previous observations in the small world
network, where also only small changes in the decomposition efficiency were shown for higher
initial substrate concentration in small world networks®. In both plots we see shorter runs
with higher rewiring probability and longer runs with lower rewiring. In the more clustered
networks it took longer to decompose 70% of the initial primary substrate.

Not only the duration of the decomposition in small world networks depends on the

8A detailed picture of the evolution of primary substrate over time (figure 6.15) can be found in the
supplementary material

42



a) clustering coefficient b) shortest path

20
030
o
@«
K] 0.95 =
5 5.,
o - 15
o o
@020 =
- [0
E o
® 15
3
= 10
010
10 20 30 40 10 20 30 40
rewiring probability [%] rewiring probability [%)]

Figure 3.17: Clustering coefficient and average shortest path in the small world network in
dependence on the rewiring probability.

a) clustering coefficient b) average shortest path
For small world networks with 400 nodes and average node degree 2.7. In networks that consisted
of more than one component, the measures were calculated from the component containing the
highest number of nodes. The clustering coefficient and the average shortest path length correlate
with the rewiring probability. The rewiring process breaks up local clusters in the network structure
and introduces short range connections, which reduce the path lengths.
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Figure 3.18: Clustering coefficient and average shortest path in the small world network.

a) clustering coefficient b) average shortest path
For small world networks with 400 nodes. In networks that consisted of more than one component,
the measures were calculated from the component containing the highest number of nodes. In
addition to the rewiring probability, the average node degree affects clustering coefficient and
shortest path length.
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a) low initial substrate concentration b) high initial substrate concentration
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Figure 3.19: Primary substrate left in the small world network

Amount of primary substrate left at the end of the runs in % of the initial substrate in small world
networks with 500 nodes and different rewiring probability. The rewiring probability p defines the
probability with which each link of the network is randomly rewired to introduce shortcut connections
in the setup of the network. The connection pattern of a small world network with p = 0 is equivalent
to a regular grid, whereas a small world network with p = 100 is a random network. Results from 5
runs.

The figure shows only a small effect of the initial substrate concentration on the decomposition
efficiency. The rewiring probability has a negative effect on the decomposition efficiency, at least
in the high substrate regime and for the higher rewiring probabilities in the lower initial substrate
regime.

rewiring probability, but also the efficiency in terms of the amount of substrate left at the
end. More substrate was left at the end in % from the initial substrate in small world
networks with higher rewiring probability (3.19). With higher initial substrate concentration
more substrate remained undegraded for higher rewiring probability, with the most substrate
left in the random network (p = 100%). This indicates that strong clustering enables for
more complete decomposition.

To compare networks with different average shortest path length, we constructed small
world networks with different numbers of nodes, as the length of the shortest paths depends
strongly on the network size (compare figure 3.23). As can be seen in figure 3.20, the
decomposition rate depends on the rewiring probability and the number of nodes in the
network. For all network sizes the decomposition rate was lower for low p. In highly clustered
networks of all sizes the decomposition rate of the first 70% of the initial substrate was lower
than in less clustered networks. Clustering enables for efficient decomposition in terms of
completeness, but slows down the decomposition. Longer average shortest path lengths also
slow down the decomposition rate. The rates were slightly smaller in networks with higher

number of nodes. °

3.4.2 Average node degree

An average node degree of 4, as it is used in the experiments in the previous section, is

unrealistic in real soils (Pérez-Reche et al., 2012) but the average node degree is an integral

°Frequency counts of invasions per pore can be found in the supplementary material (figure 6.13).
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Figure 3.20: Rate of decomposition in the small world network

Decomposition rate in the small world network with different numbers of nodes and different rewiring
probabilities. Rewiring probability p on the x-axis. Colors indicate number of nodes in the network.
Averaged over 5 runs. Error bars indicate standard deviation.

factor defining properties of a network. Therefore, this section is concerned with the effect
of average node degree of the network.1°

In figure 3.21 the average number of components, connected subgraphs of the network
(Pastor-Satorras et al., 2015) as a function of average node degree are presented. The
number of components of a network is important, as it determines the fraction of nodes
microbes starting from one randomly selected node in the network are in principle able to
invade. Does the network only consist of one large component, the possibility exists that
microbes can reach all nodes in the network, given the right conditions. In a network that
consists of one large component every node in the network is connected by a path of links
with every other node. Each network type exhibits a certain connectivity pattern, which de-
termines the probability of occurrence of disconnected components. In contrast to the other
network types, all constructed scale-free networks are composed of one large component. In
the small world networks the rewiring of links can disconnect parts of the networks especially
for small average node degrees. During the rewiring process some connections from a fully
connected network are deleted and reestablished between a random pair of nodes (see also
section 3.4.1). The spatially clustered and the random network are more likely to consist of
more than one component. The average number of components steeply increases for lower
average node degrees.

Also, the clustering and shortest path length of a network depend on the average node
degree and are supposed to impact the behavior of the dynamics on the network. The
clustering coefficient is a measure for how connected neighbors of a nodes are themselves.!!
This is why we also compared the network types with regard to their clustering coefficient
and shortest path lengths in figure 3.22 and 3.23 and had a look at the effect of the rewiring

Since the average node degree of a grid is always 4 it is left out of discussion in the following section.
1A definition of clustering coeffiecent and average shortest path are given in the supplement in section
6.1.
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Figure 3.21: Average number of unconnected components in all network types.

Average number of unconnected components for all network types as a function of average node
degree. The scale-free network always consists of only one large connected component. The
random network has the highest number of components for almost all average node degrees. And
the number of components in the spatially clustered network is also high. The red lines are drawn
at values of average node degree, that are used in the following sections to analyse the system
behaviour. The values at the dashed red lines are used to explore the effect of the average node
degree of the system. The solid line is drawn at an average node degree of 2.7, which is the
standard value for all other experiments.
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Figure 3.22: Clustering coefficient and average shortest path of the networks.

a) clustering coefficient b) average shortest path
For networks of all types, consisting of 300 nodes with different average node degrees. The rewiring
probability for the small world network was p = 20%. In networks that consisted of more than one
component, the measures were calculated from the component containing the highest number of
nodes. The values at the dashed red lines are used to explore the effect of the average node degree
of the system. The solid line is drawn at an average node degree of 2.7, which is the standard value
for all other experiments.
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Figure 3.23: Clustering coefficient and average shortest path of the networks for different
network size.

a) clustering coefficient b) average shortest path
For networks of all types, with increasing number of nodes. Average node degree was 3 in all
networks. The rewiring probability for the small world network was p = 20%. In networks that
consisted of more than one component, the measures were calculated from the component
containing the highest number of nodes. The clustering coefficient in independent of the number of
nodes, whereas we found a positive correlation between the shortest path lengths and number of
nodes in a network.

probability in small world networks on the clustering coefficient and shortest path lengths in
figure 3.18. Clustering is the highest in the spatially clustered network overall and also high
in the small world network, that was set up with a rewiring probability p = 20%.

The network types with the lowest clustering were the scale-free network and the random
network. In these two network types also the increase of the clustering coefficient with higher
average node degree was not as strong as in the spatially clustered and small world network.
In the opposite direction the average node degree affects the shortest path length of a
network. For all network types the shortest path lengths decrease for increasing average node
degree in b) in figure 3.22. The longest average shortest path lengths have the spatially
clustered networks, this difference is the greatest with small average node degree. The
second largest path lengths can be found in the small world network with p = 20%. It
needs to be kept in mind that the average shortest path strongly depends on the rewiring
probability in small world networks as b) in figure 3.18 depicts. The network geometry of
the scale-free networks, that consist of few highly connected hubs, provides very short paths
between all pairs of nodes on average. Most nodes are close to one highly connected hub
and the hubs are connected to other hubs with high probability. In that way short paths to
nearly all nodes in a network are provided.

Clustering coefficient and average shortest path of a network also depend on the number
of nodes in the network. This is compared in figure 3.23. In a) in 3.23 an overview of the
clustering coefficient for different network sizes in all network types is given. In the scale-free
and random network the clustering coefficient is higher when the network is relatively small.
In the highly clustered networks no relation between the network size and the clustering

coefficient can be seen in this figure. Probably, if the range of network sizes would be
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Figure 3.24: Primary substrate left undegraded
Percentage of initial substrate remaining undegraded at the end of a run. Simulations ended if the
stop condition was fulfilled (B < 0.01By in all pores). Averaged over 5 runs. Error bars indicate
standard deviation. Data points are grouped along the x-axis. Note that the scale of the y-axes is
different in the two plots. Overall, in the plots we see an increase in decomposition efficiency with
an increase in average node degree.

increased also here a relation will become visible. The average shortest path length increases
sharply in dependence on the network size in all network types (figure 3.23, b).

Figure 6.10 in the supplementary material gives an overview of the development of the
primary substrate over time in all network types with average node degrees of 2, 3 and 4.
Closer investigation of the rate of decomposition can be seen in figure 3.26.

There can be found similarities also in the decomposition of the substrate in the networks
with very low average node degree for both initial substrate concentrations. The plots
from networks with average node degree 2 both show much flatter curves of substrate
decomposition for all network types. And the time it took to reach the 1% mark of biomass
in all pores increased remarkably in all network types. Although, this increase in the duration
was the smallest in the random network.

Also differences in the completeness of substrate decomposition can be seen. Especially in
networks with average node degree 2 there seems to remain more substrate undegraded at
the end of the run. Since we look at lines here, which are averaged over multiple runs that
all end at different times, the endpoints may be misleading. More meaningful results on the
fraction of primary substrate that is left at the end of the runs is presented in figure 3.24.

In all network types and both initial substrate levels the decomposition of the initial
primary substrate was the more complete the higher the connectivity of the pores was.
When there was substrate left at the end of the runs, the fraction of the initial substrate was
higher for lower average node degree. The most incomplete was the decomposition of initial
substrate in the scale-free network with lower initial substrate concentration. Averaged over
all average node degrees in the scale-free network 36% of the initial substrate remained

undegraded with low initial substrate concentration. Then comes the spatially clustered
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network where 17% of the initial substrate remained, then the random network with 13%
overall and in the small world network only 8% of the initial substrate remained. There
are also large differences for different average node degrees. Overall, in can be said, that
the decomposition was more incomplete for lower average node degrees. Averaged over all
network types with average node degree 2 38% of the initial substrate was left, with average
node degree 3 there were only 15% left overall and with average node degree 4 the substrate
largely was degraded and only 6% were left. There were also considerable differences within
the network types. In the scale-free network the fraction of undegraded substrate ranged
from 63% to 17% for average node degree 2 and 4 respectively. A wide range could also
be found in the spatially clustered network (from 44% with average node degree 2 to only
3% with average node degree 4). Smaller were the ranges in the random network (27%
left with average node degree 2 and 4% left with average node degree 4) and the small
world network (17% with average node degree 2 to 0% with average node degree 4). The
small world network with average node degree 4 was the only one that enabled a complete
decomposition of the initial substrate with an initial substrate concentration Sy = 0.5 fmol
Csp / pm?.

The picture looks very different in various terms for a higher initial substrate concentration
So =5 fmol Cg;, / pm3 (figure 3.24, b). The network type that enables the most efficient
decomposition overall is still the small world network, where no substrate was left at the
end of the run for all average node degrees. But also, in the scale-free network, that was
the least efficient structure with low initial substrate concentration now also only 1% of
the initial substrate remained. In the spatially clustered and the random network also more
substrate was degraded with higher initial substrate concentration (10% and 7% remained
undegraded respectively). Overall, although more substrate was there in the beginning, even
larger parts of it could have been decomposed in all network types. This change was the
most prominent in the scale-free network.

A dependence of the transmission probability on the average node degree can be observed
with low and high initial substrate concentration (Figure 6.20). In the scale-free network,
the transmission probability is lower for smaller average node degree with low initial sub-
strate concentration and higher for smaller average node degree with high initial substrate
concentration. This effect of a decrease in the transmission probability for higher average
node degree with the higher substrate concentration was also found in the other network
types. Whereas, with low substrate concentration an increase of the average node degree
only from 2 to 2.5 induced a slight increase in the transmission probability in the small world,
spatially clustered and random network. For further increase of the average node degree the
transmission probability decreased again in these network types.

The average node degree can also impact the time needed for decomposition of 70%
of the initial substrate and the rate of decomposition in some network types. The decom-
position rate was lower in networks with lower average node degree for all network types
and both initial substrate levels (figure 3.26). What stands out is the effect in the spatially
clustered network and the scale-free network, where the decomposition rate was particu-

larly lower with low average node degree. Overall, the decomposition rate is larger with
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Figure 3.25: Transmission probability for different average node degree in all network types
Transmission probability as the mean fraction of neighbors of a pore that was invaded from a pore
per time step in all network types. Averaged over 5 runs. Error bars indicate standard deviation.
We found a dependence of the transmission probability on the average node degree with low and
high initial substrate concentration. The transmission probability in addition differs between network
types.

higher initial substrate concentration and larger average node degree. The impact of the av-

erage node degree on the decomposition rate is very strong in the spatially clustered network.

3.4.3 Carbon use efficiency

Carbon use efficiency (CUE) can be defined as CUE = W , the fraction of C
uptake which is used for the build-up of microbial biomass (Sinsabaugh et al., 2013; Manzoni
et al., 2012). Figure 3.27 summarizes the impact of the average node degree on the carbon
use efficiency of microbes in all network types. In all network types and both initial substrate
levels the carbon use efficiency was higher with higher average node degrees. This means,
that a larger fraction of the carbon that was taken up could be used for the built up of
microbial biomass in more connected networks. Aside from that, network type could be
identified as an important determinant for CUE. In the spatially clustered network CUE was
significantly lower than in other network types with lower initial substrate concentration.
Whereas, the random network showed a relatively high CUE. The substrate concentration
did not heavily affect the CUE, but a higher initial substrate concentration lead to small
shift towards higher CUE in all network types but the scale-free network. With high initial
substrate concentration the CUE overall was lower in the scale-free network compared to

the other network types.

3.5 Additional Heterogeneity

To explore the impact of heterogeneity in some network properties on the efficiency of de-

composition in this section first networks with heterogeneous pore sizes will be investigated.

50

Network type
random
scale-free
small warld

spatially clustered



a) low initial substrate concentration b) high initial substrate concentration

— — 3 — — 3
e Sy =0.5fmol Cgp / um = S, =5 fmol Cg, / um
o 3 [=1
2 00030 2 002
w w
€ €O
£ £
& 0.0025 &
o O 020
= =
£ £
£ £
L 0.0020 o
[u] (0]
= = 0015
| C
o o
3 Z
(=] (=]
g 0.0015 g
o o
§ g 05 ] n5 B &‘3 2 n5 ] a5 A
average node degree average node degree

Figure 3.26: Decomposition rate for different average node degree in all network types
Substrate decomposed per time step on average until 70% of the initial substrate are degraded in
all network types with different average node degrees. Averaged over 5 runs. Error bars indicate
standard deviation. Data points are grouped along the x-axis. Note that the scale of the y-axes is
different in the two plots. The decomposition rate was lower in networks with lower average node
degree for all network types and both initial substrate levels. The decomposition rate was particularly
lower with low average node degree in the scale-free network and in the spatially clustered network.
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Figure 3.27: Carbon use efficiency for different average node degree in all network types
Carbon use efficiency in all network types with different average node degrees. The carbon use
efficiency was calculated of the fraction of C from the uptake that is allocated in microbial biomass:
CUE = W Results from 5 runs.

For both of initial substrate concentrations a two-way Anova test states significant differences in the
carbon use efficiency between the network types and between the average node degree (p < 0.001)
and also shows that the relationship between average node degree and CUE depends on the network

type (p < 0.05).
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Figure 3.28: Primary substrate left for different heterogeneity in pore sizes

Each point shows the average fraction of primary substrate that was left at the end of the run in
all network types. On the x-axis alpha indicates different levels of heterogeneity in the pore sizes.
The average node degree was 2.7 for all networks. Averaged over 5 runs. a) The initial substrate
concentration was Sy = 0.5 fmol Cs, / pm3. b) The initial substrate concentration was Sy = 5
fmol Cs,, / pm3.

We found, that the efficiency of the decomposition strongly depends on the heterogeneity of the
pore sizes in the lower substrate concentration regime in all network types. Whereas the amount of
substrate left at the end of the run differs for the network types in the higher substrate concentration
scenario, but is similar for all heterogeneity levels.

Then heterogeneity in chemical pore properties is generated in terms of the initial substrate
concentration Sy and Bj,42, the threshold for invasion of a new pore. B4 is @ measure for
how easily microbes can pass to a neighboring node. Lower B,,,, indicates that microbes
find good conditions for movement and are able to invade new nodes already at low microbial
biomass concentration in the current node. In contrast, higher B,,,. represents conditions
of decreased flagellated velocity and dispersal ranges, and as a result microbes invade new
pores only under high density pressure (Tecon and Or, 2016).

Alpha is the measure for the heterogeneity. The higher alpha, the more widespread are the

values. How heterogeneity was introduced in the model is described in detail in section 2.3.5.

3.5.1 Heterogeneous pore sizes

In real soils pores are not only spatially distributed heterogeneously but can also strongly
differ in their sizes. Therefore, this section reports results from simulations with heterogeneity
in the sizes of the pores.

It can be seen in figure 3.28 a) that the efficiency of the decomposition strongly depends
on the heterogeneity of the pore sizes in the lower substrate concentration regime. For all
network types differences in the proportion of substrate that remains at the end of the run can
be observed for different alpha values. In the random network with no heterogeneity in pore
sizes on average 14% of the initial substrate remained undegraded. This value increases for
increasing alpha up to 22% for alpha = 1. In the scale-free network the range is even wider.
With all equal pore sizes 38% remain and with the most heterogeneous pore sizes there are
51% left at the end. In the small world network the values range from 14% (alpha = 0)
to 25% (alpha = 1) and in the spatially clustered network from 19% (alpha = 0) to 25%

(alpha = 1). We observed an interaction between pore size heterogeneity and network
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Figure 3.29: Decomposition rate for heterogeneous pore sizes

Each point shows the average decomposition rate of 70% of the initial substrate in different network
types (colors). The average node degree was 2.7 for all networks. Values from 5 runs. On the
x-axis alpha indicates different levels of heterogeneity in the pore sizes. a) The initial substrate
concentration was Sy = 0.5 fmol Cg,, / pm3. b) The initial substrate concentration was Sy = 5
fmol Cs,, / pm3.

The figure illustrates, that in networks with high heterogeneity in the pore sizes the decomposition
tends to be slower than in more homogeneous networks. For low substrate concentration there is
a strong relationship between the decomposition rate and the heterogeneity of the pore sizes. This
effect was smaller in the scale-free network than in the other network types. And it was also weakened
by higher substrate concentration. The largest difference in decomposition rate for different alpha
remains in the small world network in the high initial substrate concentration.
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Figure 3.30: Primary substrate left for heterogeneous substrate distribution

Fraction of primary substrate that was left at the end of the run for different levels of heterogeneity in
the primary substrate distribution in all network types (colors). On the x-axis alpha indicates different
levels of heterogeneity in the distribution of initial substrate. The average node degree was 2.7 for
all networks. Values from 5 runs. a) The mean initial substrate concentration was Sy = 0.5 fmol
Csp / pm3. b) The mean initial substrate concentration was Sy = 5 fmol Cg,, / um?.

In the simulations with a low mean substrate concentration in most network types an effect on the
decomposition efficiency can be found. This effect was the strongest in the small world network. In
the higher substrate scenario no differences in the heterogeneity levels were observed.
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Figure 3.31: Decomposition rate for heterogeneous substrate distribution

Decomposition rate for the first 70% of primary substrate for different levels of heterogeneity in
distribution of substrate in all network types(colors). On the x-axis alpha indicates different levels
of heterogeneity in the distribution of initial substrate. The average node degree was 2.7 for all
networks. Values from 5 runs. a) The mean initial substrate concentration was Sy = 0.5 fmol Cg,
/ um3. b) The mean initial substrate concentration was Sy = 5 fmol Cs,, / pm3.

We observed slower decomposition with more heterogeneously distributed initial substrate. Especially,
with lower initial substrate concentration the decomposition rate was lower for all network types when
the substrate was distributed more heterogeneously. Overall, the decomposition rate is higher with
higher initial substrate concentration, but the effect of heterogeneity is not so strong.
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Figure 3.32: Primary substrate left for heterogeneous Biqx

Each point shows the average fraction of primary substrate that was left at the end of the run in all
network types (colors) for different heterogeneity in By,q.. On the x-axis the heterogeneity level is
shown. The average node degree was 2.7 for all networks. Values from 5 runs.

In a) a strong dependence of the decomposition efficiency on alpha can be found in all network types.
In all network types more substrate was left undegraded with more heterogeneous B,,,... This effect
was not observed with higher substrate concentration.
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Figure 3.33: Decomposition rate for heterogeneous By,qz

Decomposition rate of 70% of the initial subsrte for different levels of heterogeneity in Bj,qz in all
network types (colors). The average node degree was 2.7 for all networks. Values from 5 runs.
With lower substrate concentration decomposition rate was slower with higher heterogeneity. Again,
this effect can only be observed at low substrate concentration.

type at least at low substrate concentration. While at a low pore size heterogeneity most
primary substrate is left in the scale free network compared to all other network types, this
changes at a high pore size heterogeneity, where small world and spatially clustered network
have similar amount of substrate left compared to the scale-free network. In the higher
substrate concentration scenario there was no remarkable effect of pore size heterogeneity
on decomposition efficiency, as can be seen in figure 3.28, b).

The invasion efficiency in terms of the number of pores that could have been occupied in
dependence on the heterogeneity of the pore sizes is shown in the supplement (figure 6.22).
Only a modest effect of alpha on the number of occupied pores was detected with the
lower initial substrate concentration. The dependence on alpha here also vanishes for higher
substrate concentration (6.22, b).

The results shown in figure 3.29 indicate that additional heterogeneity can also impact
the rate of decomposition. In simulations with high heterogeneity in the pore sizes the
decomposition of the first 70% of the initial substrate tends to be slower than in more
homogeneous networks. For all network types with low substrate concentration there is a
strong relationship between the decomposition rate and the heterogeneity of the pore sizes.
The rate is lower with more heterogeneous pore sizes. This effect was smaller in the scale-
free network than in the other network types. And it was also weakened by higher substrate
concentration. The largest difference in decomposition rate for different alpha remains in

the small world network in the high initial substrate concentration.

3.5.2 Heterogeneous Chemical Pore properties
Heterogeneous Substrate concentration
In this section the impact of a heterogeneous distribution of the primary substrate over the

soil pores is analyzed. Differences in the efficiency of the decomposition with respect to
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different levels of heterogeneity in the distribution of the initial substrate were discovered in
terms of varying proportions of the initial substrate remaining undegraded at the end of the
runs. Figure 3.30 compares for two different levels of substrate concentration the efficiency
of the decomposition. In the simulations with a low mean substrate concentration in most
network types an effect on the decomposition efficiency can be found. In the random network
for all alpha between 8 and 13% of the initial substrate were left. In the scale-free net-
work there were 17% of the initial substrate left undegraded with lower alpha values and for
rather high heterogeneity (alpha = 0.7) it increased up to 22%. In the small world network,
as already has been seen in previous experiments, with no heterogeneity in the substrate
distribution merely all the initial substrate was degraded. Similar to the scale-free network
then with increasing alpha a slight increase in the undegraded substrate can be observed.
Differences can also be observed in the spatially clustered network, where 9% of the initial
substrate remained in the runs with no heterogeneity. Here the amount of substrate left
slightly increases with increasing heterogeneity until the maximum of 13% at alpha = 1.
In contrast, in figure 3.30 b) which shows the proportion of substrate left for higher mean
initial substrate concentration no more differences could be found for all network types.

Figure 3.31 depicts results regarding an additional measure of efficiency, the decomposition
rate. The heterogeneity of substrate distribution had remarkable impact on the decompos-
ition rate. A trend can be observed, that shows slower decomposition with more hetero-
geneously distributed initial substrate. Especially, with lower initial substrate concentration
the decomposition rate was lower for all network types when the substrate was distributed
more heterogeneously. Overall, the decomposition rate is higher with higher initial substrate
concentration, but the effect of heterogeneity is not so strong. In the supplement we provide
further results on the impact of heterogeneity in substrate distribution on the number of

occupied pores (Figure 77).

Heterogeneous B,

In this section the impact of heterogeneous By, values on microbial efficiency is discussed.
Presence and thickness of aqueous films in the pore network determine bacterial motility and
dispersal in soil. Hydration levels in soil vary in space and time as a consequence of drainage,
evaporation or plant root uptake (Tecon and Or, 2016). Therefore how easily microbes
can move to neighboring nodes is highly heterogeneous between pores in unsaturated soils,
what can be represented by heterogeneous B,,,.,. Figure 3.32 compares the impact of
heterogeneity in B4, in the lower and higher initial substrate concentration in all network
types. In a) a strong dependence of the decomposition efficiency on alpha can be found in all
network types. In the random network with no heterogeneity in By,q. on average 8% of the
initial substrate was left undegraded. This increases with increasing alpha up to 17%. In the
scale-free network the proportion ranges from 22% to 26%. A strong dependence can also
be seen in the small world network, where all the substrate was degraded with homogeneous
Bz and 22% were left with alpha = 1 and in the spatially clustered network, where
the values range from 11% to 30%. Figure 6.26 and 6.25 in the supplement in addition

investigate the effect of heterogeneous B,,,; on the invasion efficiency.
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A shift of the threshold in v, can be observed with more heterogeneous B,;,q.. In figure
6.25 the threshold values for more or less heterogeneous By, are presented for all network
types. All network types show a shift to higher threshold values for higher heterogeneity.

Figure 3.33 shows the differences in the time used for decomposition of 70% of the
initial substrate at different heterogeneity levels in By,q,. In a) a strong dependence of the
decomposition rate on the heterogeneity is apparent. The decomposition is substantially
slower at high heterogeneity. Again, this effect can only be observed at low substrate

concentration.
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Chapter 4

Discussion

In this work we propose a new model of microbial soil organic matter decomposition which
combines the microbial growth dynamics with the spread of microbes in a pore network.
This approach offers a new perspective on the decomposition of complex substrate in soils,
by taking into account the soil heterogeneity and pore structure. Using this model we were
able to analyze how biological parameters and soil architecture influence decomposition,
and to identify potential interactions between these two factors. First, we compared the
simulation results of 4 different artificial network types to the results from a regular grid,
as it is commonly used to investigate microbial processes at a micro-scale (Kaiser et al.,
2014, 2015; Allison, 2005). Even with equal average number of neighbors the inclusion
of spatial relationship between nodes changed the results regarding microbial efficiency (see
figure 3.4). Certain network structures prevented a fraction of the primary substrate of being

decomposed.

4.1 Parameters that influence local growth impact the decom-

position efficiency and the invasion of the network

We found that parameters that influence local growth impact the invasion probability and
the invasion of the network and thereby affect the efficiency. We observed a threshold
behavior for growth parameters, vp,q: and Sy, and for the enzymatic parameter kcq; for the
invasion efficiency and efficiency in terms of completeness of substrate decomposition. For
too low microbial growth, either due to lack of substrate or due to low microbial growth
rate, microbes live only in the initially occupied pores and are not able to invade new pores.
When the substrate concentration or the growth rate reaches a threshold value, there is a

jump to large-scale invasion of all reachable pores in the network. Close to the threshold

*
max

Umaz (see figure 3.5). This is a result of the sigmoid shape of the growth curve and the

v the substrates take considerably longer to decompose than for even higher values of

non-linear correlation between v,,ax and the time it takes to reach the maximum biomass.

Over multiple invasions this time lag accumulates. Microbes start at a low biomass value in

the new pore again and with lower v,q, they slowly grow until By, again.
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Since Umae depends on temperature (Pietikdinen et al., 2005) the threshold value at higher
temperature may be reached in soil regions where by then microbes were not able to invade
neighboring pores or with changing temperature microbes will be prevented from invading
areas of the pore space. Furthermore, an increase in temperature could lead to a strong
acceleration of the degradation if the growth rate before was in a range where substrate is
degraded only very slowly and is shifted into the range of fast degradation by the temperature
increase. Similar effect of increasing temperature on k., can be expected. And also in a
similar manner increased input of substrate may trigger invasion of large areas of the pore
space and decomposition of previously unreachable substrate.

Once the invasion threshold is exceeded, further increase in growth parameters has no strong
effects. Though, across this wide growth parameter range, network structure has a far higher
effect than microbial physiological parameters. Values of microbial growth parameters in this
range, however, are more realistic in soils than values below the threshold where there would
be no microbial dispersal.

Overall, we found that the spatial structure of the pore network in addition to microbial
physiological parameters, such as maximum microbial growth rates or extracellular enzyme
kinetics had a pronounced effect on microbial decomposition efficiencies. These results
further support the idea that physical protection and inaccessibility of organic matter limits
the rate of decomposition as previously described by Schimel and Schaeffer (2012) and
Dungait et al. (2012) among others. That for wide ranges of physiological parameters the
outcome differs for the network types is another strong argument for the inclusion of pore
network structural parameters in decomposition models. Only the consideration of pore
network structure and pore connectivity allows for accurate prediction of decomposition

efficiency on the basis of physiological growth parameters.

4.2 Impact of Network connectivity

Another important factor is the connectivity of the network. Does the network consist of
multiple disconnected components or is there a path between each pair of nodes? There are
network setup algorithms that tend to produce disconnected multiple component networks
more likely than others. For instance, the spatially clustered, the small world or the random
network often consist of multiple disconnected components, whereas in the scale-free net-
work always only one large component connects all existing nodes. The disconnectedness
of the other network types also depends on the average node degree, more components for
lower node degree, and in the small world network on the rewiring probability. Our sim-
ulation results showed that the amount of substrate left is larger in networks with lower
node degree (Figure 3.24). This indicates that more disconnected components lead to less
efficient degradation. In a network that consists of numerous components, it is more likely
that in some components no node is initially occupied, because microbes only occupy a small
fraction of nodes in the beginning. When none of the nodes of a component is occupied in
the beginning of the simulation, an invasion of this component is not possible during the

simulation run, because there is no link over which microbes may invade this isolated area.
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In networks with some highly connected nodes, another mechanism that leads to substrate
remaining undegraded can be observed. That is, if the substrate in the highly connected
nodes is used up and microbes cannot grow there anymore all nodes that can only be reached
through these hubs are practically disconnected from the network. Therefore, these parts
become effectively inaccessible for microbes and unconnected from the network. Primary
substrate in the disconnected pores cannot be degraded. This effect is the strongest in
a scale-free network with low substrate concentration but can also explain a proportion
of the amount of primary substrate left in other networks at low substrate concentration.
This mechanism is characterized by the fact that decomposition efficiency can strongly be
facilitated by higher substrate concentration. If we look at the spatially clustered or the
random network, which are two network types that can contain multiple components, higher
substrate concentration does not facilitate much more efficient decomposition. A possible
explanation is that here the actual disconnectedness of the network prevents microbes from
spreading. In figure 3.24 the networks, that counted the largest number of components,
i.e. the random and spatially clustered networks, in particular at low average node degrees
(compare 3.21), show the least difference in primary substrate that is left undegraded for
low and high initial substrate concentration. In contrast, in the scale-free network there
is nearly no substrate left at the end of the run in the high-substrate scenario, although
with low substrate concentration it was the one where decomposition was the least efficient.
Because the scale-free network consists of only one large connected component, high sub-
strate concentration enables very efficient invasion. Then, microbial biomass grows up to
Bz repeatedly in highly connected nodes, enabling microbes to spread through each link
stemming from it to the neighboring node. In that way, the whole network space can be
invaded very efficiently.

The pore connectivity in real soils correlates with the bulk soil density. Mbé et al. (2022)
found, that soil samples with lower bulk soil density showed more connected pores, whereas in
samples with higher bulk soil density the overall porosity was smaller and there were more dis-
connected components found in pore networks extracted from these samples. These sample
networks then were used for modelling decomposition with the MOSAIC model (Monga
et al., 2008). Our results accord with the findings of Mbé et al. (2022): They reported lower
mineralization of organic matter in the networks extracted from the samples with higher bulk
density. Pérez-Reche et al. (2012) extracted pore networks from a total of 6 soil samples: 3
of them from ploughed soil and 3 from soils without tillage treatment. The networks from
the ploughed soil samples showed typically larger pores and a slightly lower average node
degree. Besides land use methods, climate factors can also alter pore connectivity. Rooney
et al. (2022) analyzed the response of soil pore networks in aggregates from permafrost
soils to laboratory incubation consisting of repeated freeze-thaw cycles. After 5 cycles pore
connectivity was significantly reduced and the number of singly connected pores increased.
Water content plays an important role when describing the connectivity of soil pore net-
works. The invasion of new pores can only happen with enough humidity and substrate
diffuses between water filled pores. Therefore, the actual connectivity of the network from

a microbial perspective changes over time and is related to the water content.
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We showed that pore connectivity may play a big role for decomposition efficiency. At the
same time, pore connectivity is both, i) widely different between soils and ii) can be dynamic
in the same soil (freeze-thaw, drying-rewetting). Further experimental investigation of what
environmental and human factors impact pore connectivity in soil will be needed. Incor-
poration of these findings in soil decomposer models, then might be helpful to anticipate
consequences of climate change on decomposition efficiency and suggest effective measures

to decrease atmospheric C'O,.

4.3 Impact of the clustering coefficient

A goal of this manuscript was to identify network properties that have major effects on
the efficiency of microbial decomposition. Two network properties were identified, that are
crucial for microbial efficiency, clustering of the nodes on the one hand and the presence of
a scale-free degree distribution on the other hand. Simulations on small world networks with
differing rewiring probabilities showed that high clustering of nodes enables more complete
decomposition of substrate, than in networks equal in all other properties but with lower
clustering coefficient (Figure 3.19). The presence of highly connected nodes, as in scale-
free networks, can decrease the efficiency of decomposition and lead to higher amount of
substrate that remains undegraded (Figure 3.24).

Also, for epidemics it has been shown that the great number of redundant paths between
individuals introduced by the clustering in the network enables the disease to reach nearly
all people of a population that are reachable (Newman, 2003). Similarly, in the soil pore
network high clustering causes existence of many redundant paths to most of the nodes,
making it likely that most of the nodes that are reachable by microbes will be invaded by
one route or another (Figure 3.19). The short term connections introduced by the rewiring
process in small world networks reduce the path lengths, and at the same time lower the
clustering coefficient. Therefore, small world networks with a very low rewiring probability
also exhibit relatively long paths. As a result from the long path lengths, decomposition is
slower in highly clustered networks, but introduction of few long-range rewiring connections
in small-world networks can speed it up substantially (Figure 3.20). The situation is opposite
in networks with a scale-free degree distribution. Networks of this type typically have a very
low clustering coefficient and a connectivity pattern that has the following characteristics:
there are few nodes with a much greater number of connections than most of the other
nodes, what makes them disproportionately important for the microbial invasion of the pore
space. Microbes must pass through these hubs to reach areas of the network where no other
path leads to. If they do not find conditions that facilitate microbial growth there, this
prevents microbes from spreading. This leads to large amounts of initial substrate remaining
undegraded particularly in low substrate regimes. If the substrate is used up in a microhabitat
that needs to be passed in order to reach nutritious areas of the pore space that are farther
away the spread of microbes that have only limited mobility is blocked.

Pérez-Reche et al. (2012) stated that general properties of soil pore networks are high

clustering and a restriction of links per pore due to the volume the links themselves occupy.
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This implies that very large pores can have more connections than smaller ones, alone
because of the larger space available. Therefore, a change in pore sizes also alters the
connectivity pattern. If as a consequence of conventional tillage the number of very large
pores (< 100pm) stemming from root channels reduces (Kravchenko et al., 2011), also the

connectivity pattern changes.

4.4 Heterogeneity in pore sizes and substrate concentration

Heterogeneity in pore properties is another significant factor that affects the decomposition
efficiency. Heterogeneity in the pore sizes affects the invasion efficiency, the decomposition
rate and the amount of substrate that is left at the end. Is the pore size distribution more
heterogeneous, meaning that there are more very small and more very large pores but less
intermediate sized pores, the decomposition is less efficient. It has been shown that the pore
size distribution of a soil can be altered by land use or vegetation (Kravchenko et al., 2011;
Peth et al., 2008). Similar is the effect of heterogeneity in the distribution of the initial sub-
strate. When substrate was distributed with higher heterogeneity, decomposition efficiency
was lower. This reflects the findings of Mbé et al. (2022), who found that the amount of
mineralized carbon was higher for a homogeneous distribution of microbes than for a patchy
distribution. In their model microbes are immobile and substrate diffuses to them through
the pore network. The strongest impact had heterogeneity in B4, the threshold value of
biomass that is needed to invade a new pore. Especially for low initial substrate concen-
tration there was a much larger fraction of substrate left at the end in more heterogeneous
networks compared to when all pores had the same B,,,,. And also, the decomposition
rate was much lower with more heterogeneous B,q:. Bmasz 1S @ measure for how easily
new pores can be invaded, where a low value could represent a higher humidity that enables
more easy passage of the microbes. This accords with findings from epidemic studies, where
a heterogeneous transmissibility can prevent a disease from spreading through a population
(Miller, 2007). Pérez-Reche et al. (2012), who compared 4 models of microbial invasion of
a soil pore network found, that heterogeneous transmissibility values that were randomly as-
signed to links had no significant impact on the invasion efficiency. But only in models where
the transmissibility depends on heterogeneous network properties, like link length, microbial
invasion efficiency was lower than in models with homogeneous transmissibility. Although,
the transmissibility is not directly comparable with Bj,4:, the result of the current study
contrasts with this, as we found an effect on the invasion efficiency without linking B;,qx
to actually heterogeneous structural parameters (see figure 6.26). These results should be
considered when bulk soil properties are used as approximations for microbial environmental
conditions at a microscale. Modelling results may fail to picture real dynamics, when the

micro-scale heterogeneity of soil properties is ignored.
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4.5 Limitations

In our model only one functional group of microbes is modelled, whereas in real soils a huge
variety of bacteria, archaea and fungi can be found with many differing functional traits.
It has been shown that interactions between functional groups have important influence on
decay rates of organic matter and that for instance the presence of cheaters in a system
downregulates the ratio of extracellular enzymes to total microbial biomass (Kaiser et al.,
2015). Competitive and symbiotic relationship between and within functional groups are also
strongly affected by spatial segregation (Carson et al., 2010) and therefore their interplay
with pore network structure deserves attention.

Also, dynamical changes of the soil pore network are not considered in this model, but
rather it is stable over the whole decomposition phase. In real soils, however, the pore
space structure alters with time. Especially when also accounting for the presence of water

transport mechanisms can change rapidly.
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Chapter 5

Conclusion

The arguments for taking pore network architecture into account when modelling the re-
sponse of soil microbial communities to climate change are compelling. Land-use changes,
altered precipitation patterns and increased frequencies in freeze-thaw cycles in arctic per-
mafrost alter pore network structure. Which in turn crucially influences microbial efficiency.
Therefore, it is inevitable to include soil structural properties into earth system models. The
impact of the architecture of the pore network was even shown to be stronger than the im-
pact of microbial physiological parameters over wide ranges of these parameters (i.e. above
their respective thresholds for microbial invasion of the pore space). In this study network
properties were identified that need to be considered in integrated earth system models to
be able to make reliable predictions. Also, the importance of considering the heterogeneous

distribution of microbes and substrate has been confirmed once more.
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Chapter 6

Supplementary Material

6.1 Network Properties

Shortest Path length

The shortest path length /;; is a measure to characterize the distance among two nodes and
is defined as the length of the shortest path connecting node ¢ and j. The length of a path
is the number of links that are passed throughout the way. The average shortest path is the
average of all values of /;; over all pairs of nodes. As network diameter, the maximum value

of all pairwise shortest path lengths is defined. (Pastor-Satorras et al., 2015)

Degree and Degree Distribution

The number of links that connect a node with other nodes is called the degree k; of node
i. The degree distribution P (k) in finite networks is the fraction of nodes in this network
with a degree equal to k (Pastor-Satorras et al., 2015). A regular 2D-grid, as it is used in
many studies on the decomposition of soil organic matter (Pot et al., 2022; Kaiser et al.,
2014, 2015) can be seen as a regular network, where all nodes have exactly the same degree
(Newman, 2018). Degree distribution for different average node degree for all network types

are shown in figures 6.1 - 6.4.

Clustering coefficient

As a measure of clustering the average local clustering coefficient is used. Local clustering
coefficient is defined as the ratio between the actual number of links among the neighbors of
a node and the maximum number of possible links. Clustering of the network is the average
local clustering coefficient from all nodes. (Pastor-Satorras et al., 2015) An overview of
the clustering coefficients and shortest path length in different network types is provided in
figure 3.22 and figure 3.23.
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degree distribution in random networks
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Figure 6.1: Degree distribution in random networks with different average node degree.

Each histogram is established from 4 networks with 400 nodes each. The number of nodes with a
certain degree are shown for 5 different average node degrees. The distribution follows a binomial
distribution in random networks. With the greatest frequency the average node degree occurs, in
every case. Also, it can be seen in the histograms that the fraction of nodes with degree 0 is larger
at lower average node degree.

6.2 Network types

Random Network

In the simplest random graph model first a given number of nodes is set up, then two
randomly selected nodes are connected by a link at a time until the desired number of
links is reached. The degree distribution in a random network corresponds to a binomial
distribution. The clustering coefficient can be defined as the probability that two neighboring
nodes of a node are also connected with a link. In a random graph the probability that two
nodes are connected is the same for any pair of nodes (Newman, 2018). Figure 6.1 provides

an overview of the degree distribution in the random network in this model.

Scale Free Network

The scale free network is generated by adding nodes and links with a preferential attachment
rule. To initialize the algorithm 2 nodes are set up and connected with a link. Until the
desired number of nodes is reached, one node is added after the other and every newly
added node is connected with one end of a randomly chosen link. This way nodes with high
node degree are more likely to be linked. Then until the desired number of links is reached
additional links are added between one end of a randomly selected link and another randomly
selected node. These mechanisms lead to a power-law degree distribution. Meaning that
there is a small number of hubs, nodes with very high node degree, and many nodes with
few connections. (Pastor-Satorras et al., 2015) The degree distribution for different average
node degrees in scale-free networks is shown in figure 6.2. From this figure it can also already
be seen, that in the scale-free network there are no nodes with degree 0. The network always
consists of one large component, where a path from every node to every other node can be

found. The highly connected hubs reach degrees far higher than the average node degree.

Small world Network

The small world network was proposed to capture the properties of a small network diameter

and a large clustering coefficient. Nodes are arranged in a ring in the first place, then each

average node degree
2

node is connected to neighbors on each side. Then a small fraction of links
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degree distribution in scale-free networks
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Figure 6.2: Degree distribution in scale-free networks with different average node degree.

Each histogram is established from 4 networks with 400 nodes each. The number of nodes with a
certain degree are shown for 5 different average node degrees. There are few highly connected hubs
and a large number of nodes with low degree.

degree distribution in small world networks
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Figure 6.3: Degree distribution in small world networks with different average node degree.

Each histogram is established from 4 networks with 400 nodes each. The number of nodes with a
certain degree are shown for 5 different average node degrees.

is rewired to connect two randomly chosen nodes. This rewiring introduces several long-
range shortcuts that reduce the average shortest path and at the same time do not affect
the high local clustering. Each link is drawn to rewire with a certain rewiring probability p.
(Pastor-Satorras et al., 2015) The rewiring probability also impacts network properties of
the small world networks, as can be seen in figure 3.18. The degree distribution resulting
from this construction algorithm is presented in figure 6.3. Similar to the random network
degrees close to the average node degree occur with the highest frequency in small world
networks. And the highest occurring node degree is about 2 times the average node degree.
In addition, from the histograms in the figure it already is apparent, that in the small world

networks the fraction of single unconnected nodes is very low.

Spatially clustered Network

Soil pores are geometric objects allocated in a three-dimensional space. The spatial proximity
is an essential factor determining the probability with which two nodes are connected. The
generation of the spatially clustered network starts with randomly distributed nodes. One
node is randomly selected at a time and connected to another node that is closest in space
and not already connected to the current node, until the desired number of links is reached.
From this a degree distribution of the nodes emerges, that is similar to the degree distribution
of a random network (figure 6.4). The underlying spatial connectivity pattern, however, is
distinct.
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degree distribution in spatially clustered networks
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Figure 6.4: Degree distribution in spatially clustered networks with different average node
degree.

Each histogram is established from 4 networks with 400 nodes each. The number of nodes with a
certain degree are shown for 5 different average node degrees. Degrees around the average node
degree occur most frequently and the highest occurring node degree in this network is not very
much greater than the average. We can also see from the histograms that there is a remarkable

number of single unconnected nodes for low average node degree.

6.3 Parameter sensitivity analysis
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Figure 6.5: Biomass over time for different initial substrate concentration

Biomass over time in all network types for different initial substrate concentrations in [fmol Cs, /
wm?]. The average node degree was 2.7 for all networks. Averaged over 5 runs. Each plot shows
the development of biomass over time for one network type. The color of the lines represents the
initial substrate concentration.
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Carbon use efficiency for different initial substrate concentrations in fmol C's,, / um?. The carbon
use efficiency was calculated of the fraction of C from the uptake that is allocated in microbial
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Figure 6.7: Impact of the initial substrate concentration on the amount of substrate left at
the end

Primary substrate left at the end for different initial substrate concentrations. The average node
degree was 2.7 for all networks. Values from 5 runs. a) Percentage of initial substrate. b) Absolut
amount of primary substrate left at the end in fmol Cs, / um?.
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Figure 6.8: Number of occupied pores over time for different initial occupation

Number of occupied pores for different initial occupation over time. Average values from 5 runs.
Each plot shows the dynamics of one network type. a) The initial substrate concentration was
So = 0.5 fmol Cg, / pm3. (upper row) b) The initial substrate concentration was Sy = 5 fmol Cg,,
/ um3. (lower row)

a) low initial substrate concentration b) high initial substrate concentration

S, = 0.5 fmol Cgy / ym® Sy =5 fmol Cgy, / ym?

0005 == 0.035

0.030

0.004 =

Network type
0025 ;EI typ

= .
=+ i random

= — scale-free

—* small world

0,020 iII —+ spatially clustered

0.003 =*

0.002 =

0.015

Decomposition rate in [fmol Cg, / time step / uma]
H
H
Lo
i
-
]
M
Decomposition rate in [fmol Cg, / time step / uma]
H
H

0.001 I
1

0.010
Nq® B0 g0 A8 ® AR 1910 2 28 ® 18 180 P Nq® B0 g0 A8 ® AR 1910 2 28 ® 18 180 P

initial occupation [% of pores] initial occupation [% of pores]

Figure 6.9: Decomposition rate for different initial occupation
Rate of decomposition of the first 70% of initial substrate for different fractions of the network that

were initially occupied by microbes. On the x-axis the fraction of pores that was occupied in the
beginning in % is shown. Values from 5 runs.
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6.4 Supplementary Results
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Figure 6.10: Primary substrate over time for different average node degrees

Comparison of the primary substrate over time for all network types with three different average
node degrees. a) The initial substrate concentration was Sy = 0.5 fmol Cs, / um?>. b) The initial
substrate concentration was Sy = 5 fmol Cs, / um®. Each plot shows the decomposition of the
initial substrate over time averaged over 4 simulations for a certain average node degree. In the
upper row there are 3 low substrate concentration plots, each corresponds to one certain average
node degree, as depicted in the frame (a). The lower row shows 3 plots with high initial substrate
concentration and also certain average node degree in each plot (b). The colors of the lines represent
the 4 network types. The plots overall show shorter degradation time for some network types with
average node degree of 3 compared to networks with average node degree 2 with low initial substrate
concentration and for all network types with average node degree 4. Also in the high initial substrate
regime for all network types degradation was faster for higher average node degrees. Additionally, it
can be seen that the degradation of the initial substrate was more complete in networks with higher
average node degree. How much more efficient the decomposition was, also depends on the network
type.

That there can be seen an increase of primary substrate in some groups, is due to the fact that
these lines are average values from multiple runs. When runs that already only had a low amount of
primary substrate left end early, they are not counted in this average anymore and the average of the

remaining runs at this time jumps to a higher value.

The main characteristics that can be seen in figure 6.10 are the change in the rate of
decomposition and the change in the efficiency of decomposition as a function of the average
node degree. Overall, in networks with lower connectivity the decomposition is slowed down
and the efficiency of the decomposition is reduced. In networks with an average node degree
of 4 for all network types the decomposition was the fastest. The simulations run until only
1% of the initial biomass was left in all pores. This stop condition was fulfilled earlier in

the more connected networks and the curve of the primary substrate decreased steeper in
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these networks for all types. With average node degree 3 we see similarly steep degradation
lines of the primary substrate and similar duration of the runs (stop condition: only 1% of
initial biomass remain in all pores) for most network types. Only in the small world network
it already took remarkably longer until the stop condition was fulfilled. These observations

are true for both initial levels of primary substrate.
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Figure 6.11: Time until 70% of initial substrate degraded
Duration of the decomposition of 70% of the initial substrate in all network types with different
average node degree. a) The initial substrate concentration was So = 0.5 fmol Cs,, / um?. b) The
initial substrate concentration was Sy = 5 fmol Cg, / pums3.
Only runs, where the 70% mark has been reached, are shown. In the scale-free network and the
spatially clustered network with an average node degree of 2, at low substrate concentration less
than 70% of the initial substrate were decomposed. That is why they are not shown at all in this

group.
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Figure 6.12: Time until 90% of initial substrate degraded
Duration of the decomposition of 90% of the initial substrate in all network types with different
average node degree. The initial substrate concentration was Sy = 5 fmol Cs,, / pum3.
Only runs, where the 90% mark has been reached, are shown.
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Figure 6.14: Primary substrate over time in the small world network

Primary substrate over time in the small world network with different rewiring probability. The
rewiring probability p defines the probability with which each link of the network is randomly rewired
to introduce shortcut connections in the setup of the network. The connection pattern of a small
world network with p = 0 is equivalent to a regular grid, whereas a small world network with p = 100
is a random network. The dashed red line indicates 10% of the initial substrate. Averaged over 5
runs. a) The initial substrate concentration was Sy = 0.5 fmol Cs,, / um?. b) The initial substrate
concentration was Sy = 5 fmol Cg,, / ums3.
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Figure 6.13: Invasions per pore for all network types

Frequencies of invasion counts per pore in all network types. The average node degree was 2.7 for
all networks. Values from 5 runs. The initial substrate concentration was 3 fmol Cs, / pm3. As
can be seen in a) in the random network from about 1500 pores no new pore was invaded. Next
most frequent case is, that one new pore was invaded. And from only very few pores the maximum
of 5 new pores were invaded. b) shows the small world network, where the most frequent case was
that one pore was invaded. The maximum is equal to the random network, also maximum 5 pores
were invaded from one pore. ¢) The distribution is very dissimilar in the scale-free network. From a
higher number of pores no new pore was invaded here, but the maximum number of invaded pores
from one pore is much higher than in all other network types. d) In the spatially clustered network

the distribution is very similar to the random network.
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Figure 6.16: Primary substrate over time for different network sizes

Development of the primary substrate over time in all network types for different network sizes. The
colors of the lines depict the size of the network, the number of nodes. The average node degree
was 2.7 for all networks. Averaged over 5 runs. The initial substrate concentration was Sy = 0.5
fmol C's, / pm3. The dashed red line indicates 10% of the initial substrate.
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Figure 6.15: Duration of the runs in the small world network

Duration of the run until 70% of the initial substrate were degraded in small world networks with
500 nodes and different rewiring probability. The rewiring probability p defines the probability with
which each link of the network is randomly rewired to introduce shortcut connections in the setup of
the network. The connection pattern of a small world network with p = 0 is equivalent to a regular
grid, whereas a small world network with p = 100 is a random network. a) The initial substrate
concentration was Sy = 0.5 fmol Cg, / um?. b) The initial substrate concentration was Sy = 5
fmol Cs,, / pm3.

Figures 6.16 and 6.17 give information about the temporal characteristics of the decom-
position in all network types in correlation with the size of the network. Figure 6.17 compares

the decomposition rate for 70% of the initial primary substrate for different network sizes in
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Figure 6.17: Decomposition rate of the first 70% of the initial substrate

Decomposition rate of the first 70% of the initial substrate for all network types for different network
sizes. Boxplots are only shown for networks, where the 70% mark was reached in the runs. The colors
of the bars depict the network types. The average node degree was 2.7 for all networks. Averaged
over 5 runs. a) The initial substrate concentration was Sy = 0.5 fmol Cs,, / pm3. b) The initial
substrate concentration was Sy = 5 fmol Cg,, / um?.

A Two-way Anova test showed significant differences in the decomposition rate for different network
types (pj0.01), but no significance for the relationship between decomposition rate and network size.

all network types. Overall, we see shorter duration runs for larger networks and also more

complete decomposition of the initial primary substrate for shorter runs.
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Figure 6.18: Time until 70% of the initial substrate were degraded

Time until 70% of the initial substrate were degraded in all network types for different network sizes.
Bars are only shown for networks, where the 70% mark was reached in the runs. The colors of the
bars depict the network types. The average node degree was 2.7 for all networks. Averaged over 5
runs. a) The initial substrate concentration was Sy = 0.5 fmol Cs,, / um3. b) The initial substrate
concentration was Sy = 5 fmol Cs,, / um3.
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Figure 6.19: Duration of the runs

Time until all microbes died in all network types for different network sizes. The colors of the bars

depict the network types. The average node degree was 2.7 for all networks. Averaged over 5 runs.
a) The initial substrate concentration was Sy = 0.5 fmol Cs, / pm3. b) The initial substrate

concentration was Sy = 5 fmol Cs,, / um?.
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Figure 6.20: Transmission probability for different network sizes in all network types
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Transmission probability as the mean fraction of neighbors of a pore that was invaded from a pore

per time step in all network types. Network sizes differed from 100 to 1600 nodes. ¥4, was 0.29.
Averaged over 5 runs. Error bars indicate standard deviation. No effect of the network size on the

transmission probability can be observed, but the network type impacts the transmission probability.

In the scale-free network the transmission probability was lower than in the other network types.
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Figure 6.22: Invasion efficiency for different heterogeneity in pore sizes

Number of pores that could have been occupied by microbes for different levels of heterogeneity in
the pore sizes in all network types. Each point depicts the accumulated number of pores invaded
during one run. Each pore that was invaded by microbes was count once at its first time becoming
occupied. The color depict the network type. In the random network for all values of alpha about
91% of the pores were occupied. In the scale-free network the values ranged from 83% (alpha = 0)
to 78% (alpha = 1). In the small world network for all alpha values 99% of the pores could have
been occupied and in the small world network a weak dependence can be observed. Here the values
range from 91% (alpha = 0) to 87% (alpha = 1).The average node degree was 2.7 for all networks.
Averaged over 5 runs. a) The initial substrate concentration was Sy = 0.5 fmol Cs, / pm?. b) The
initial substrate concentration was Sy = 5 fmol Cg,, / ums.
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Figure 6.21: Duration of decomposition of 50% of initial substrate for different heterogeneity
in pore sizes

Time until 50% of the initial substrate were degraded for different levels of heterogeneity in the
pore sizes in all network types. The average node degree was 2.7 for all networks. Averaged over 5
runs. a) The initial substrate concentration was Sy = 0.5 fmol Cs,, / um3. b) The initial substrate

concentration was Sy = 5 fmol Cg,, / um3.
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Figure 6.23: Time until 70% of the initial substrate were degraded for different alpha

Time until 70% of the initial substrate were degraded for different levels of heterogeneity in the
primary substrate distribution in all network types. The average node degree was 2.7 for all networks.
Averaged over 5 runs. a) The initial substrate concentration was Sy = 0.5 fmol Cg, / pm3. b) The

initial substrate concentration was Sy = 5 fmol Cg, / wms3.
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Figure 6.24: Time until 70% of the initial substrate were degraded for different alpha

Time until 70% of the initial substrate were degraded for different levels of heterogeneity in B, in
all network types. The average node degree was 2.7 for all networks. Averaged over 5 runs. a) The
The initial substrate concentration

~—

initial substrate concentration was Sy = 0.5 fmol Cyg,, / um3. b

was Sp = 5 fmol Cg;, / pm3.
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Figure 6.25: Threshold of v, for invasion of more than 80% of the pores
Minimum v,,,4, value that enables large-scale invasion of the pore network for different heterogeneity

in Byqe in all network types. The average node degree was 2.7 for all networks. Averaged over 5
runs. The initial substrate concentration was Sy = 0.5 fmol Cg,, / wm3.
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Figure 6.26: Number of occupied pores for different levels of heterogeneity in Bja.

Number of occupied pores for different levels of heterogeneity in B4, in all network types. The
average node degree was 2.7 for all networks. Averaged over 5 runs. a) The initial substrate
concentration was Sp = 0.5 fmol Cs, / pm3. b) The initial substrate concentration was Sy = 5
fmol Cgp, / pm3.

The results shown in this figure indicate that the invasion is less efficient a more heterogeneous pore
space. With low substrate concentration the number of occupied pores in all network types is much
smaller when B, is very heterogeneous. With low heterogeneity, an average of about 90% of
the pores can be reached by microbes in the random network, with this value being reduced to as
low as 83% at high heterogeneity. In the scale-free network, on average 77% of the pores can be
reached at low heterogeneity and only 72% at high heterogeneity. Also, in the small world network
the invasion efficiency is reduced from 100% with no heterogeneity to a minimum of 78% with the
highest heterogeneity. In the spatially clustered network with homogeneous B, on average 89%
of the pores were invaded, whereas at high heterogeneity only 70% were reached.
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Figure 6.27: Number of occupied pores for different levels of heterogeneity in distribution of
initial substrate

Number of occupied pores that were invaded in all network types. The average node degree was 2.7
for all networks. Averaged over 5 runs. a) The initial substrate concentration was Sy = 0.5 fmol
Csp / pm3. b) The initial substrate concentration was Sy = 5 fmol Cs,, / um?®.

81



Chapter 7

Summary

Microbial decomposition of soil organic matter is the foundation of nutrient and carbon
cycling in terrestrial ecosystems. A substantial body of research has been devoted to un-
derstanding the interconnected physical, chemical and biological processes related to soil
microbial activity, that are crucial for some of the most urgent societal issues of today, like
greenhouse gas emission or primary plant production. Soils are highly heterogeneous hab-
itats built up hierarchically from soil aggregates that provide a complex pore system. An
enormous diversity of microbes occupies the physically and chemically heterogeneous pore
space. Although, in recent decades the consensus has largely been established, that micro-
bial processes are strongly affected by the spatially heterogeneous architecture of the soil
pore space and the patchy distribution of substrate, still, the integration of pore network
characteristics in models of microbial activity is scarce.

We use an Agent-based modelling approach to address the question how the architecture of

the soil pore network impacts the efficiency in soil microbial organic matter decomposition.
1. How does network structure affect the efficiency of organic matter decomposition?

2. How do network properties like average node degree, shortest path length, and clus-

tering coefficient affect the efficiency of organic matter decomposition?
3. Can additional heterogeneity regarding pore properties affect microbial efficiency?

To acknowledge the spatial heterogeneity of the pore space the soil pores are modelled as
nodes of a network connected via links. Specific attributes are assigned to the nodes to
describe their physical and chemical conditions. Microbes occupy parts of the network and
degrade organic matter that is available to them. Depending on microbial growth new pores
can be invaded through the connecting links.

We were able to determine a number of network properties that affect the decomposition
efficiency of soil microbes. While high clustering of nodes enables nearly complete decompos-
ition of substrate, the presence of highly connected nodes (hubs) can decrease the efficiency
of decomposition and lead to higher amount of substrate that remains undegraded. While
the presence of hubs generally does not impact the time needed for decomposition, high

clustering slows down decomposition. The impact of the clustering is not affected by the
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initial substrate concentration, whereas the presence of hubs particularly in low substrate re-
gimes leads to large amounts of initial substrate remaining undegraded.Regarding microbial
growth parameters, the system showes a threshold behaviour. For too low microbial growth,
microbes live only in the initially occupied pores and are not able to invade new pores. When
the substrate concentration or the growth rate reaches a threshold value, there is a jump
to large-scale invasion of all reachable pores in the network and much higher efficiency in
the decomposition. In addition, high heterogeneity in pore properties lead to lower invasion
efficiency, lower decomposition rate and a higher amount of substrate that is left at the end.
These findings allow for better understanding of the impact of soil pore network architecture
on microbial processes and further for more accurate assessment of the impact of climate

change on soil microbial processes.
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Chapter 8

Zusammenfassung

Die Zersetzung organischen Materials durch Mikroorganismen im Boden ist die Grundlage des
Nihrstoff- und Kohlenstoffkreislaufs in terrestrischen Okosystemen. Ein betrichtlicher Teil
der Forschung ist dem Verstandnis der miteinander verbundenen physikalischen, chemischen
und biologischen Prozesse im Zusammenhang mit der mikrobiellen Aktivitat des Bodens
gewidmet, die fiir einige der dringlichsten gesellschaftlichen Probleme von heute, wie die
Emission von Treibhausgasen oder die primare Pflanzenproduktion, von entscheidender Bedeu-
tung sind. Boden sind aufgrund ihres hierarchischen Aufbaus aus Bodenaggregaten, die
ein komplexes Porensystem bilden, sehr heterogene Lebensraume. Eine groBe Vielfalt von
Mikroorganismen besiedelt diesen physikalisch und chemisch heterogenen Porenraum. Ob-
wohl schon seit einigen Jahrzehnten weitestgehender Konsns dariiber besteht, dass mikrobi-
elle Prozesse stark von der raumlich heterogenen Architektur des Bodenporenraums und
der ungleichmaBigen Verteilung des Substrats beeinflusst werden, werden die Eigenschaften
des Porennetzes nur selten in Modellen des mikrobiellen Abbaus von organischen Material
berticksichtigt.

Wir verwenden einen agentenbasierten Modellierungsansatz, um die folgenden Fragen zu

beantworten:

1. Wie beeinflusst die Netzwerkarchitektur die Effizienz des Abbaus organischen Materi-

als?

2. Wie wirken sich Netzwerkeigenschaften wie ‘average node degree’, ’'shortest path
length’ und ’‘clustering coefficient’ auf die Effizienz des Abbaus organischen Materials

aus?

3. Kann zusatzliche Heterogenitat hinsichtlich der Poreneigenschaften die Effizienz des

Abbaus beeinflussen?

Um die raumliche Heterogenitat des Porenraums darzustellen, werden die Bodenporen als
Knoten ('nodes’) eines liber Kanten ( 'links’ verbundenen Netzwerks modelliert. Den Knoten
werden spezifische Attribute zugewiesen, um ihre physikalischen und chemischen Bedingun-
gen zu beschreiben. Mikroorganismen bewohnen Teile des Netzwerks und bauen organisches
Material ab, das ihnen zur Verfiigung steht. Abhangig vom mikrobiellen Wachstum konnen

benachbarte Poren tiber die verbindenden Kanten erreicht werden.
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Wir konnten eine Reihe von Netzwerkeigenschaften bestimmen, die sich auf die Effizienz des
Abbaus durch Bodenmikroorganismen auswirken. Wahrend eine starke Clusterbildung der
Knoten eine nahezu vollstandige Zersetzung des Substrats ermoglicht, kann das Vorhanden-
sein weniger, sehr vernetzter Knoten ('hubs’) die Effizienz des Abbaus verringern und dazu
fiihren, dass ein groBerer Anteil des Substrats unzersetzt bleibt. Wahrend das Vorhanden-
sein von hubs im Allgemeinen keinen Einfluss auf die Dauer des Abbaus hat, verlangsamt
eine starke Clusterbildung den Abbau. Die Auswirkungen der Clusterbildung werden durch
die anfangliche Substratkonzentration nicht beeinflusst, wahrend das Vorhandensein von
hubs insbesondere bei niedrigen Substratkonzentrationen dazu fiihrt, dass groBe Mengen
des anfanglichen Substrats unzersetzt bleiben. Was die mikrobiellen Wachstumsparameter
betrifft, so zeigt das System ein Schwellenverhalten. Bei zu geringem mikrobiellen Wach-
stum leben die Mikroorganismen nur in den urspriinglich besetzten Poren und sind nicht in
der Lage, in neue Poren vorzudringen. Wenn die Substratkonzentration oder die Wachstum-
srate einen Schwellenwert erreicht, kommt es zu einem sprunghaften Anstieg der Invasion in
alle erreichbaren Poren des Netzwerks und zu einer wesentlich hoheren Effizienz bei der Zer-
setzung. AuBerdem fiihrt zusatzliche Heterogenitat in anderen Poreneigenschaften zu einer
geringeren Invasionseffizienz, einer geringeren Zersetzungsrate und einer groBeren Menge an
Substrat, die am Ende iibrig bleibt.

Diese Ergebnisse ermoglichen ein besseres Verstandnis des Einflusses der Architektur des
Bodenporennetzes auf mikrobielle Abbau-Prozesse und dariiber hinaus eine bessere Ab-

schatzung der Auswirkungen des Klimawandels auf mikrobielle Prozesse im Boden.

85



Chapter 9
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