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iii. Preface

This doctoral research was carried out within the National PhD program in Artificial Intelligence applied
to Agrifood and Environment at the Institute for Sustainable Plant Protection (CNR-IPSP, Portici, Italy)
and at the Evja s.r.l.. The work combined both experimental and computational approaches, part of the
training and research activities was also conducted during a period abroad at the University of
Salamanca (Spain), which provided the opportunity to broaden the scientific perspective and strengthen
the methodological framework of the project.

My PhD thesis focuses on the study of the soil microbial communities in an agricultural system where
four treatments were applied: (i) conventional farming without organic matter (C), (ii) conventional
farming with the addition of organic matter (C+O), (iii) conventional farming with the addition of
beneficial microorganisms but without organic matter (M), and (iv) conventional farming with the
addition of both beneficial microorganisms and organic matter (M+0O), to uncover microbial patterns
across different treatments. Using metagenomic analyses (Oxford Nanopore Technology sequencing)
and Artificial Intelligence (AI) approaches, I investigated how the community structure and evolves
during the crop cycle. The results aim to improve the understanding of the mechanisms regulating
biological soil fertility and to lay the foundation for developing predictive tools to support more
sustainable agricultural management.

The whole research pathway was articulated over three years and followed a progressive structure. The
first phase was devoted to the acquisition of specific skills in microbiology, bioinformatics, and
statistical analysis, which allowed the design and refinement of the experimental workflow. The second
phase focused on the collection of soil samples, sequencing of microbial communities, and the first
round of bioinformatic and statistical analyses. The third phase integrated these datasets into advanced
data analysis pipelines, applying machine learning (ML) methods to explore microbial community
dynamics and implement an Artificial Neural Network (ANN) to predict soil temperature from microbial
composition.

The outcomes of this work include a peer-reviewed publication, and a submitted original research article,
together with additional analyses that complete the framework of the thesis. Beyond scientific outputs,
the doctoral project also provided opportunities for collaboration, dissemination, and training, all of

which contributed to shaping both the scientific and professional growth achieved during this period.



iv. Abstract of the thesis

Soil represents a fundamental component of terrestrial ecosystems and a cornerstone of agricultural
productivity. Its health and fertility are largely governed by the complex interactions among microbial
communities that drive nutrient cycling, organic matter turnover, and ecosystem resilience. However,
understanding these interactions and their responses to agronomic management remains a major
scientific challenge due to the high complexity and multidimensionality of microbiome data.

This PhD research, conducted within the National PhD in Artificial Intelligence (Agrifood and
Environment area) at the Institute for Sustainable Plant Protection (CNR-IPSP, Portici, Italy), aimed to
investigate soil microbial dynamics under different agronomic treatments by integrating metagenomic
sequencing and Al-based analytical frameworks. Experimental work was carried out in a greenhouse
cultivation of Valerianella locusta in Bagnolo Mella (Brescia, Northern Italy), where four treatments
were applied: (i) conventional farming without organic matter (C), (ii) conventional farming with
organic matter (C+QO), (iii)) conventional farming with beneficial microorganisms (M), and (iv)
conventional farming with both microorganisms and organic matter (M+0O). Soil samples collected at
multiple time points were analysed using Oxford Nanopore sequencing (16S rRNA and ITS markers).
Data processing and analysis were performed through Python-based pipelines, combining ML
approaches to uncover patterns of microbial succession. Results revealed clear temporal-driven
trajectories in both bacterial and fungal communities, and in some cases, with organic matter and
microbial inoculation acting synergistically to enhance diversity and functional redundancy. Fungal
communities showed higher sensitivity to treatments and temporal changes, while bacterial communities
displayed greater stability and ecological resilience. The research outcomes include a review article
published in SN Applied Sciences and an original research article submitted to Physiologia Plantarum
for the Special Issue “Smart Agriculture — BrIAS edition” (Brussels Institute for Advanced Studies),
linked to the I Conference on Smart Agriculture (Brussels, 2025). Additional analyses developed within
this thesis further integrated the results through ANN, reinforcing the predictive potential of microbial
community data.

Ultimately, this work demonstrates how Al-driven approaches can bridge metagenomics and soil
ecology, providing a methodological foundation for the development of predictive models of soil health.
The results contribute to the broader goal of designing data-informed, sustainable agricultural systems
where soil biodiversity is not only monitored but actively leveraged to ensure productivity, resilience,

and environmental integrity.

Keywords: Artificial Neural Network; Machine Learning; Metagenomics; Soil microbiome;

Sustainable Agriculture.



Chapter 1 — Introduction

1.1 Artificial Intelligence in Agrifood and Environmental Systems

Over the past two decades, Al has progressively emerged as a transformative tool in the agrifood and
environmental domains (Nautiyal et al. 2025). Initially limited to exploratory applications in crop
monitoring and resource optimization, Al has now become central to precision agriculture,
environmental sustainability, and food system resilience (Getahun et al. 2024; Mustaza et al. 2025). The
rapid increase in high-dimensional datasets — including genomic, metagenomic, climatic, and geospatial
data — has accelerated the integration of ML and deep learning (DL) techniques into agricultural and
environmental research (Benfenati et al. 2025; Botero-Valencia et al. 2025).

One of the major achievements of Al in this field is the development of predictive models, capable of
identifying hidden patterns in complex datasets and forecasting crop performance, soil health, or the
onset of biotic and abiotic stresses (Wilhelm et al. 2022). These models are being increasingly employed
to optimize irrigation and fertilization (Jayarani et al. 2024; Umutoni and Samadi 2024; Adamo et al.
2025) detect plant diseases at early stages (Singla et al. 2024), and predict the long-term impact of
climate change on agricultural productivity (Oikonomidis et al. 2023; Dhillon et al. 2024).

Looking ahead, the trends in Al applications for agrifood and the environment point toward an even
greater integration of multilayered data sources (soil microbiome, remote sensing, climatic models,
socio-economic data) and the adoption of explainable Al approaches to ensure transparency and
reliability. Moreover, the transition from descriptive and correlative analyses toward prescriptive and
predictive models marks a fundamental step in designing resilient and sustainable food systems.
Ultimately, Al is not only reshaping how data are analysed, but also how decisions are made in the face

of global challenges such as food security, soil degradation, and climate change.

1.2 The soil: role, fertility, and sustainability challenges

Soil represents one of the most complex and vital components of terrestrial ecosystems, acting as the
foundation for agricultural productivity and a key regulator of global biogeochemical cycles. It provides
a wide range of ecosystem services, including nutrient cycling, carbon sequestration, water retention
and purification, and the maintenance of biodiversity (Meersmans et al. 2024). Beyond its role as a
physical support for plants, soil is a living and dynamic system that sustains microbial, faunal, and plant
communities, all of which interact to ensure ecological balance and resilience (Noronha et al. 2025).
Soil fertility is traditionally defined as the capacity of the soil to supply nutrients to plants in adequate
amounts and proportions. However, modern concepts of fertility have evolved to include biological and
ecological dimensions, encompassing microbial activity, organic matter turnover, and soil structure
(Lehmann et al. 2020). These factors jointly determine the soil ability to support sustainable crop
production over time. Biological fertility, in particular, has gained increasing attention as an indicator
of soil health, linking microbial diversity and functional potential to nutrient cycling efficiency and plant
productivity (Semenov et al. 2025). Despite its importance, soil is a non-renewable resource on a human
timescale and is increasingly threatened by degradation processes such as erosion, compaction,
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salinization, contamination, and loss of organic matter. Intensive agricultural practices, overuse of
chemical inputs, and land-use changes have accelerated these processes, leading to a decline in soil
health and ecosystem functionality (Kopittke et al. 2019). The loss of soil biodiversity further
exacerbates these impacts, compromising resilience to environmental stress and reducing the ability to
recover after disturbances (Tibbett et al. 2020; Eisenhauer et al. 2024). In recent years, regenerative and
sustainable soil management approaches have emerged as promising strategies to counteract degradation
and restore soil functionality. Practices such as reduced tillage, organic amendments, cover cropping,
and microbial inoculation aim to rebuild soil organic matter and reactivate beneficial microbial networks
(Khangura et al. 2023). Integrating these practices with data-driven monitoring systems allows for a
more precise evaluation of soil health and a better understanding of the underlying ecological
mechanisms (Huang et al. 2023). Moreover, preserving soil fertility is not only essential for maintaining
agricultural productivity but also for achieving broader sustainability goals. Healthy soils are at the heart
of climate regulation, food security, and biodiversity conservation, making their protection and
regeneration a global priority for future generations. Healthy soils’ ability to store and cycle carbon
makes them one of the largest terrestrial carbon reservoirs, capable of mitigating greenhouse gas
emissions and buffering the effects of climate change (Rodrigues et al. 2023). From an agricultural
perspective, soil health is inseparable from food security. Productive and biologically active soils ensure
the continuous availability of nutrients, water, and beneficial microbial interactions that support crop
growth and resilience (Pandey and Saharan 2025). Degraded soils, conversely, reduce yields, lower
nutritional quality, and increase dependence on external chemical inputs, threatening the sustainability
of food production systems worldwide (Ghisman et al. 2025). Equally important is the role of soils as
biodiversity hotspots. A single gram of soil can harbour billions of microorganisms—bacteria, fungi,
archaea, and protists—alongside a wide range of invertebrates and plant roots, forming one of the most
diverse and functionally complex ecosystems on Earth. This belowground biodiversity underpins
ecosystem stability, resilience to perturbations, and the maintenance of aboveground life (Delgado-
Baquerizo et al. 2025; Igbal et al. 2025). Given these interconnected roles, the protection and
regeneration of soils have become a global priority aligned with major international frameworks such
as the United Nations Sustainable Development Goals (SDGs - https://sdgs.un.org/goals), particularly
those addressing zero hunger (SDG 2), climate action (SDG 13), and life on land (SDG 15). Promoting
soil conservation through sustainable management, monitoring, and restoration is therefore essential not

only for agricultural productivity but also for ensuring planetary health and intergenerational equity.

1.3 The soil microbiome: composition, function, and ecological role

Beneath the surface, soils host an immense and dynamic biological network, composed of
microorganisms that drive key ecological processes. Understanding the soil microbiome, its
composition, diversity, and ecological functions, is therefore fundamental to advancing sustainable soil
management and developing predictive models for ecosystem health. The soil microbiome encompasses

bacteria, archaea, fungi, protists, and viruses, all interacting within a highly heterogeneous environment.
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These microorganisms form intricate ecological networks that regulate key soil functions, nutrient
cycling, organic matter decomposition, carbon storage, and plant—soil interactions (Creamer et al. 2022).
Through their collective metabolic activities, they shape the chemical, physical, and biological
properties of soils, directly influencing plant productivity and ecosystem resilience (Wang et al. 2021).
Functionally, the soil microbiome acts as a biological engine sustaining soil fertility (Van Der Heijden
et al. 2008). Microorganisms drive the transformation of organic residues into bioavailable forms of
nitrogen, phosphorus, and other nutrients essential for plant growth (Creamer et al. 2022; Kiprotich et
al. 2025). Symbiotic microorganisms, such as mycorrhizal fungi and nitrogen-fixing bacteria, establish
mutualistic relationships that enhance plant nutrient uptake and stress tolerance. At the same time,
antagonistic taxa play a crucial role in suppressing soil-borne pathogens, thus contributing to natural
disease control and promoting plant health (Berendsen et al. 2012). From a compositional standpoint,
the soil microbiome exhibits remarkable diversity both taxonomically and functionally. Bacteria and
archaea are primarily responsible for nutrient mineralization and biogeochemical transformations, while
fungi contribute to organic matter turnover, symbiotic associations, and soil aggregation (Kiprotich et
al. 2025). The balance between these microbial groups, together with their spatial distribution across
microhabitats, defines the functionality of the soil ecosystem (Fierer 2017). Importantly, microbial
community composition is influenced by a multitude of factors, including soil type, vegetation, climate,
land use, and agronomic management practices (Igbal et al. 2025). Advances in metagenomic and multi-
omics technologies have revolutionized the study of soil microbiome beyond the limits of traditional
culture-based methods (Bertola et al. 2021). High-throughput sequencing, combined with bioinformatics
and new technologies, now enables the exploration of microbial diversity, functional potential, and
ecological interactions at an unprecedented scale (Thompson et al. 2019; McElhinney et al. 2022). These
approaches are reshaping our understanding of how microbial communities respond to environmental
gradients and management interventions, providing new opportunities for predictive modelling of soil
health and ecosystem functionality. In summary, the soil microbiome is both a driver and indicator of
soil health, reflecting the complex interplay between biological processes and environmental factors. Its
study represents a cornerstone for developing sustainable agricultural systems, as it offers a window into
the biological mechanisms that maintain soil fertility and ecosystem stability. Ultimately, the
convergence of metagenomics and Al marks a new era in soil science, in which biological complexity

can be decoded, predicted, and ultimately managed for sustainability.

1.4 Research objectives and experimental framework

Despite major advances in sequencing technologies and data analysis, the relationship between soil
management, microbial community dynamics, and crop performance remains only partially understood.
In particular, disentangling how different agronomic practices shape the biological fertility of soils
requires integrative approaches that combine microbiological, environmental, and agronomic data.

Specifically, the objectives of the research were to:



e Characterize the taxonomic and functional composition of bacterial and fungal communities in
soils subjected to different treatments combining organic matter addition and microbial
inoculation.

e Monitor the temporal evolution of these communities throughout the crop cycle to identify
successional patterns linked to plant development and soil management.

e Apply ML algorithms such as Principal Component Analysis (PCA), t-distributed stochastic
neighbour embedding (t-SNE), and clustering analysis to detect hidden patterns.

e Apply a Feed-Forward ANN to predict soil temperature from microbiome composition.

e Develop an integrative analytical framework that could serve as the basis for future predictive
tools supporting sustainable agricultural practices.

Through these objectives, the study aims to contribute both conceptually and methodologically to the
emerging field of Al-assisted soil ecology, offering insights into how data-driven approaches can

enhance our capacity to assess and manage soil health.

1.4.1 Study site description

The experimental trial was conducted in Bagnolo Mella (Brescia, Lombardy, Northern Italy) (Figure 1),
within an agricultural site managed under conventional farming practices. The area is located in the Po
Valley, one of the most intensively cultivated regions of Europe, characterized by a long agricultural
tradition. The experimental field lies at approximately 45.46° N latitude and 10.13° E longitude, at an
elevation of about 85 meters above sea level.

The region has a humid subtropical climate (Cfa) according to the Képpen—Geiger classification, with
mild winters and warm summers. The mean annual temperature is around 13.5 °C, and the average
annual rainfall is approximately 900 mm, mainly concentrated in spring and autumn. The site benefits
from a temperate regime suitable for horticultural crops such as Valerianella locusta (lamb’s lettuce),

which was the model species adopted for this study.
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Figure 1. Bagnolo Mella farm location.

The soil of the experimental area is classified as a Typic Udifluvent, typical of the Po Plain alluvial
deposits. The main physicochemical properties measured prior to the experiment (to sampling), were as

follows in Table 1:



Table 1. Physicochemical properties of the experimental soil before treatments application (Bagnolo Mella, Lombardy,

Italy). Analytical results from Water & Life Lab S.r.l. (Report No. 22WL0084035, November 2022).

Parameter Result Unit Interpretation

pH (H:0) 7.55+£0.04 | - Neutral to slightly
alkaline

pH (KCI) 6.8 - -

Organic matter 1.55+0.16 | % Low organic matter
content

Electrical conductivity 697+299 | uScm™! Moderate salinity

Cation exchange capacity 31.3£0.18 | meq 100 High exchange

(CEC, BaCl,) g! capacity

Total nitrogen 1.9 g kg™ Low N content

C/N ratio 4.8 - Low, limited organic N
accumulation

Total CaCOs 14.1+£0.27 | gkg'! Moderately calcareous

Active CaCOs 3.8+0.13 g kg™ -

Exchangeable Ca 3782 +£56 | mgkg! -

Exchangeable Mg 585+32 mg kg™! -

Exchangeable K 257 +13 mg kg™ -

Exchangeable Na 249 mg kg™ -

Available P20s (Olsen) 223 mg kg™ High phosphorus
availability

Cu (total) 323+09 | mgkg! Within normal range

Sand (fine + coarse) 258 gkg! -

Silt (fine + coarse) 592 gkg! -

Clay 150 gkg! -

Skeleton (>2 mm) 9.7 gkg! Negligible

It is characterized by a silty loam texture, moderate drainage, and good structural stability. The relatively
low organic matter and nitrogen contents highlight the need for organic and biological inputs, justifying

the design of the four agronomic treatments tested in this study.

1.4.2 Experimental layout

The experiment was conducted within two multitunnel greenhouse structures, each divided in 2 plots,
each plot covering a total surface area of 588 m? (8 m in width and 73.5 m in length). Sowing density
was maintained constant across all treatments and crop cycles, corresponding to approximately 11
million seeds per hectare (=1,100 seeds m2), which resulted in about 647,000 seeds per experimental
plot (588 m?).

More details on the experimental design can be found in the ‘Materials and methods’ section of Chapter
3.

This configuration allowed for adequate environmental control while maintaining realistic cultivation
conditions representative of commercial production systems. The design also ensured sufficient
replication to capture spatial variability within the greenhouse environment.

This operational schedule ensured consistency and repeatability across treatments, while allowing the
monitoring of soil microbial dynamics in relation to key agronomic events. The repeated organic
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amendments were planned to simulate realistic on-farm fertilization cycles and to evaluate their
cumulative effects on soil microbial structure and fertility. Temporal sampling (to—ts) was synchronized

with the crop cycles.

1.4.3 Description of agronomic treatments
The experiment was designed to evaluate the combined and individual effects of organic matter addition
and microbial inoculation on soil microbial communities and crop performance. Four treatments were
applied as follows:

1. C (Control): Conventional farming without any organic or microbial input.

2. C+O: Conventional farming with the addition of organic matter.

3. M: Conventional farming with microbial inoculum but without organic matter.

4. M+O: Conventional farming with both microbial inoculum and organic matter.
The organic amendment consisted of well-composted bovine manure applied at a rate of 200 quintals
per plot. Manure was incorporated into the top 15 cm of soil prior to sowing using light tillage.
Information on the crop cycle, the applications of organic matter and the average temperature ten days

before harvesting are shown in Table 2-5.

Table 2. Information on the crop cycle of the control plot (conventional farming without addition of organic matter and of
microorganisms).

C
Sampling . Harvesting/Soil Average Sc? il

time Sowing sampling temperature (°C) 10
days before harvest

t0 6.50

t1 14/01/2023 20/03/2023 13.50

t2 12/04/2023 16/05/2023 18.54

t3 20/05/2023 15/06/2023 27.51

t4 26/07/2023 26/08/2023 26.79

t5 01/09/2023 05/10/2023 20.31

Table 3. Information on the crop cycle of the control + organic matter plot (conventional farming with addition of organic
matter and without addition of microorganisms).

11

C+O
. . . . Average soil

Sagllfll;ng Org:(lil(lgé\(/)[r?tter Sowing Hars;i;tl?g/SOII temperatu%e ©C) 10
pung days before harvest

t0 v 6.50

t1 14/01/2023 20/03/2023 13.50

t2 12/04/2023 16/05/2023 18.54

t3 v 20/05/2023 21/06/2023 27.51

t4 26/07/2023 26/08/2023 26.79

tS v 01/09/2023 05/10/2023 20.31



Table 4. Information on the crop cycle of the plot treated with microorganisms (conventional farming without addition of
organic matter and with addition of microorganisms).

Table 5. Information on the crop cycle of the plot treated with microorganisms + organic matter (conventional farming with

M
Sampling . Harvesting/Soil Average Sf il
time Sowing sampling temperature (°C) 10
days before harvest
t0 6.5
t1 26/01/2023 29/03/2023 14.4
t2 12/04/2023 16/05/2023 18.5
t3 25/05/2023 22/06/2023 27.3
t4 01/07/2023 04/08/2023 24.0
t5 10/08/2023 13/09/2023 23.7

addition of organic matter and of microorganisms).

M+O
Sampling Organic . Harvegting/ Average soil
time Ma.tt-er Sowing Soq temperature (°C) 10
addition sampling days before harvest
t0 v 6.5
t1 26/01/2023 = 28/03/2023 14.4
t2 12/04/2023 = 16/05/2023 18.5
t3 v 25/05/2023 | 22/06/2023 273
t4 01/07/2023 = 04/08/2023 24.0
tS v 10/08/2023 | 13/09/2023 23.7

The microbial inoculum applied in the M and M+O plots was a commercial biostimulant “RyzoPepUp”.
Details on this product and its usage are in “Materials and methods” of the original research at Chapter
3.

All plots were managed under identical agronomic practices, irrigation, weeding, and pest control,

ensuring that the only variables differentiating treatments were the organic and microbial inputs.

1.4.4 Environmental parameters
Environmental and agrometeorological conditions at the experimental site were monitored using EVJA
smart farming devices (EVJA Srl) (Figure 2). The EVJA system integrates multiple sensors connected
to a cloud-based data acquisition platform (“OPI”), enabling continuous (24-hour) monitoring of key
microclimatic and pedoclimatic variables, including:

e Air temperature (—40 to 85 °C);

e Relative air humidity (0 to 100 % RH);

e Leaf wetness (0 to 100 %);

e Solar radiation (pyranometer; 0 to 250,000 lux / 0 to 2,000 W m2);

12



e Soil water content (0 to 70 % VWC);

e Soil temperature (—40 to 60 °C);

e Soil electrical conductivity (0 to 20 dS m™).
Each microclimatic station was installed on mechanical supports specifically designed for protected
cropping systems (Figure 3), with sensors positioned at canopy height to capture accurate data on the
environmental factors influencing disease development and plant physiological responses.
The continuous data collected by the EVJA platform supported the farm management strategy, allowing
the company to optimize irrigation, ventilation, and crop protection decisions throughout the production
cycles.
For the purposes of this doctoral study, however, only a subset of the collected parameters was used:
specifically, the mean soil temperature recorded during the 10 days preceding each harvest was extracted
and correlated with the soil microbial community composition observed at the corresponding sampling
time. This parameter was selected as a representative indicator of the short-term thermal regime affecting

microbial activity and community structure at the soil-root interface.

Figure 2. EVJA devices located in Bagnolo Mella (Brescia): in green (4) the device collecting data from the C and C+O
plots (GPS coordinates 45.408084, 10.167536); (B) the device collecting data from the M and the M+O plots (GPS
coordinates 45.407047, 10.168424).
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Figure 3. EVJA device with data acquisition system “OPI”.
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Chapter 2 — Review

2.1 Introduction

This chapter presents the review “Artificial Intelligence in Soil Microbiome Analysis: a potential
application in predicting and enhancing soil health - a review”, published in SN Applied Sciences
(Springer Nature). The article summarizes the state of the art in the application of Al to soil microbiome
research, highlighting how ML and DL models are being increasingly used to analyse microbial
diversity, predict soil health indicators, and model the impact of environmental and management factors.
The review also discusses current limitations, such as data heterogeneity, lack of standardized
methodologies, and the need for interpretability in AI models. Moreover, it identifies key research
frontiers, including the integration of multi-omics datasets, the development of explainable Al, and the
translation of predictive models into practical decision-support tools for sustainable agriculture.

By framing the soil microbiome at the intersection of biological complexity and computational
innovation, this chapter provides the theoretical and methodological foundation for the experimental
and analytical work presented in the following sections of this thesis. This review paper is reproduced

in its published form, including the complete reference list and supplementary materials.
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Soil is a depletable and non-renewable resource essential for food production, crop growth, and supporting ecosystem
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able to monitor and predict soil health. We also investigated the potentiality of Al-based Decision Support Systems
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and activities, and implement sustainable precision agriculture, safequarding ecosystems, bolstering soil resilience, and
ensuring the production of high-quality food.
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* Soilmicrobiota plays a mainrole in preserving soil health, therefore a correct analysis of soil microorganisms will help
farmers understand and improve soil quality.

+ Although research is limited, integrating Al technologies to monitor soil health holds great promise for sustainable
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1 Introduction

5Soil is a depletable and not renewable resource. Soil degradation, erosion, and contamination cause soil loss and can
rapidly occur and significantly impact ecosystem services. Whereas, the formation of new layers of soil occurs at an often
slower rate than soil loss, resulting in a net reduction of soil availability over time, and thus compromising agricultural
productivity, biodiversity, water, and nutrient cycles [1, 2]. This highlights the importance of soil conservation and sus-
tainable soil management practices, essential for maintaining soil biological health and ensuring its continued ability
to support life on Earth [3].

The current systems of food production are among the main causes of the depletion of natural resources and envi-
ronmental degradation. Notably, they affect the quality and resilience of the soil, making agriculture unsustainable [4,
5]. Even if soil quality and soil health are terms often used interchangeably [6], here we will use the term soil health. Soil
quality is often associated with specific functions that soil performs, such as supporting plant growth, filtering water, and
cycling nutrients. It focuses on the soil characteristics that contribute to these functions, assessing how well the soil can
perform its roles in the ecosystem [7]. Soil quality is influenced by both natural and anthropogenic factors, including land
management practices [8]. On the other hand, soil health is a broader concept that encompasses soil quality and is not
just about current physical and chemical qualities but also about the soil overall fertility and sustainability over time [9].

Soil health recognizes that the soil is a living resource, harboring a diverse community of micro and macro-organisms
[10-12]. These communities are part of the soil biodiversity and their differences in quality and quantity directly affect
soil processes, such as the decomposition of organic matter, the solubilization of chemical elements, and the absorption
and degradation of heavy metals and other pollutants [13, 14].

Intensive farming, monoculture, and limited crop rotations are the primary causes of loss of biodiversity, a main
indicator of soil biological health [15, 16]. Sustainable land management practices, soil conservation techniques, and
efforts to reduce soil pollution when farming are therefore crucial for preserving soil health and biodiversity and ensur-
ing the long-term productivity of agriculture [17].

Nowadays, governments and international agencies are offering more support for sustainable agriculture through
policies and research funding, recognizing the role of agriculture in achieving sustainability and development goals. For
instance, under the EU's new policy framework “Food 2030, the European Commission advocates a novel development
approach, aligned with the 17 Sustainable Development Goals of the United Nations, where sustainable land manage-
ment is a pillar [18, 19].

Soil health also supports plant health [20-23] and this is the basis of the current EU “"One Health” policies (https://
health.ec.europa.eu/one-health_en). In agricultural soils, the dynamic interplay among biological, physical, and chemical
properties is crucial. The microbial biomass plays a pivotal role in this process, influencing soil health, nutrient cycling,
and overall agricultural productivity [24, 25].

In the recent past, agriculture has neglected soil multi-functionality and ecosystem services, leading to practices that
have negatively impacted soil health [4]. Conventional agriculture, which uses chemical fertilization, pesticides, and
intensive cultivation, can boost short-term productivity but damage soil by eroding, depleting nutrients, and reducing
biodiversity [26, 27].

Although since 1970 the theoretical approach to agriculture has always had a focus on agronomic practices deemed
sustainable, only from 2010 began to appear a better consciousness of the importance of agricultural management
aimed at restoring ecosystem balance [28]. The intention now is to preserve soil fertility avoiding the use of synthetic
agrochemicals, and minimizing the environmental impact of human activities with practices such as soft tillage, inte-
grated management of the crops, and other environmentally friendly practices aimed to improve ecosystem services.
These practices are preferred over conventional systems to maintain the optimum level of agroecosystem health status
[8, 29-31]. Despite the growing attention on soil science, studying soils can be quite difficult due to their functional
complexity [30-32], and finding the right indicators to assess whether the soil has suitable levels of quality and health
is challenging [33-35].

The role of microorganisms in improving ecosystem soil health and promoting optimal plant development was largely
discussed and deeply studied [36-41], and soil metagenome is now considered a“second genome” of plants [42]. The use
of beneficial soil microorganisms, as biological pesticides or as biostimulants, for example, can be considered a sustain-
able agronomic practice to be implemented together with integrated management [43]. Augmentation of beneficial
microorganisms to increase soil fertility can consequently be instrumental for improved crops and for other successful
agricultural practices [44]. An ideal agricultural ecosystem should support microbial biodiversity with practices aimed at
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maintaining local biological and ecological cycles increasing soil fertility, improving soil structure (e.g. by crop rotation),
and preferring integrated pest management (IPM) with a limited use of chemicals [45-47].

1.1 Soil microbiota

Microbial soil communities have a fundamental role in establishing a network of positive interaction belowground [48,
49]. There are thousands of species of soil microorganisms that interact with each other and compete for nutrients, each
of them with a specific role [50-52]. Through many of the enzymes and other substances they produce, microorgan-
isms, especially bacteria and fungi, can stimulate plant growth, protect them from the attacks of pathogens and pests,
and promote the mineralization of organic matter releasing nutrients necessary for plant development [53-55]. Many
microorganisms form symbiotic associations with plants at the root level, playing an essential role in plant development
by providing numerous benefits such as producing antibiotics, modulating the plant immune system, and acting as
biostimulants [23, 56, 57], but the mechanisms that take place within the soil after the inoculum of such microorgan-
isms is still unclear.

For hundreds of millions of years, a co-evolutionary phenomenon occurred, in which plants and microorganisms
established strong symbiotic relationships [58] and influenced each other: plants can produce organic substances,
especially under biotic or abiotic stresses, changing the surrounding chemical and physical environment, activating
some groups of microorganisms, and removing others, and vice versa. Understanding and harnessing the complex
interactions between soil, microorganisms and plants is essential for sustainable agriculture, ecosystem restoration, and
environmental conservation efforts. It underscores the importance of maintaining healthy soil ecosystems for the well-
being of agricultural systems. Using beneficial microbes, modern agriculture is not in contradiction with co-evolution:
itis exploiting knowledge of the co-evolutionary phenomenon to optimize crop health and productivity under current
conditions. We aim to integrate these principles, along with new technologies, to advance the development of manage-
ment systems and soil treatment methods in open field conditions.

1.2 Methods for studying soil microorganisms

Microorganisms and their communities in soil can be assessed, both in terms of diversity and abundance, through dif-
ferent laboratory techniques: from the traditional techniques as culture on selective media to the most recent applica-
tions of multi-omics approaches [59], the latter largely improving precise and accurate overviews [7] and detection of
microbial changes under different conditions and management practices, which may in turn affect soil properties [48].
Combining different techniques (the “multimethod” or “mixed-methods” approach) may also help cross-verify results,
mitigating the limitations of individual methods, and gaining a more comprehensive understanding of the dynamics in
the soil [60]. Although individual microorganisms are tiny and work within microenvironments, such as around a single
root or within soil aggregates, their processes, such as nutrient cycling, organic matter breakdown, and pathogen sup-
pression, affect larger, visible aspects of the environment like plant health, soil fertility, and carbon storage. We should
better understand how to enhance soil bacterial processes, scaling them up from the microscale to levels that are signifi-
cant for soil management. Sample size, along with replication, sampling design, DNA extraction, and molecular analysis
methods, significantly influence measures of community structure under field conditions [61]. Scaling up results, from
small sample size to represent a large field, requires careful consideration of these factors to avoid misrepresentation
of microbial diversity. For this reason, it is important to consider standardized protocols like ISO 11063, which aim to
optimize soil DNA extraction for reproducibility and comparability, though variations in methods and sample sizes can
stillimpact the assessment of microbial abundance and diversity [62]. Also, modeling the dynamics of a microbial soil
community can help understand belowground interactions that have repercussions on the soil ecosystem [63]. Among
approaches based on soil total DNA analysis to provide taxonomic profiles of microbial communities, one of the most
common methods is the metabarcoding: it is based on the amplification of specific DNA regions, such as 165 rDNA
(ribosomal DNA) for bacteria and ITS (Internal Transcribed Spacer) for fungi, using PCR (Polymerase Chain Reaction),
followed by high-throughput sequencing, e.g. with NGS (Next Generation Sequencing) methods [64]. Although this
approach has the undeniable advantage of enabling the simultaneous analysis of many samples with a good level of
precision and in a relatively short time, it does have some limitations that can affect the accuracy of taxonomic assign-
ments. These drawbacks include potential biases introduced during DNA extraction and amplification [65], difficulties
in distinguishing between live and dead organisms [66], resolution usually limited to family or genus level that does not
permit differentiation between closely related species or sub-species [67], and challenges associated with incomplete
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reference databases [65]. Additionally, the presence of PCR inhibitors in soil samples can complicate the process and
lead to the underrepresentation of certain taxa. To address these limitations, researchers are exploring and developing
alternative approaches and technologies. For example, to enhance taxonomic resolution, multiple genetic markers could
be combined, and thanks to sequencing technologies developed by PacBio (Pacific Bioscience) and Oxford Nanopore,
longer reads compared to traditional NGS methods are provided, enabling a better assembly of genomes and an accu-
rate characterization of complex microbial communities [68]. To explore the genetic diversity and functional potential of
complex microbial communities in a wide range of environments, metagenomics provides a powerful tool [69]. Instead
of targeting specific genetic markers, Metagenomic Shotgun Sequencing involves the sequencing of all DNAs present
in a sample providing a more comprehensive view, allowing the discovery of new species and functional genes.

Investigating the genera or the species of microorganisms present in soil can unveil valuable perspectives about the
environment, as specific microorganisms can serve as “indicator species” or “bicindicators”[70, 71].

At a community level, the physiological profiling method performed using the Biolog® system is based on patterns
of single carbon source utilization by microorganisms present in the soil. This analysis permits obtaining information on
how microbial communities respond to changes of the environment over both spatial and temporal scales [72].

Enzymes produced by microorganisms are key factors in soil processes such as decomposing erganic matter, cycling
nutrients, and enhancing soil structure [73]. Measuring enzymatic activities of microorganisms in soil provides insights
into microbial activity, and can serve as indirect indicators of soil health. Higher enzymatic activity levels often indicate
greater microbial diversity, especially in the active soil microorganisms, essential for maintaining soil health [74-76]. An
example of a soil sensor able to give information on biological enzyme activity was developed by DIGIT-soil [77]. This
biosensor works through a customizable membrane targeting several soil enzymes, providing in-situ measurements
and automated analysis of soil enzyme activity in few minutes. These sensors can be integrated into soil monitoring
systems, allowing for continuous monitoring and timely interventions to maintain, restore, or improve soil fertility and
health, providing real-time or near-real-time data on soil biological parameters. All the methods mentioned are sum-
marized in Table 1.

1.3 Harnessing technologies for smarter agriculture

Agriculture 4.0 represented a significant transformation driven by the integration of cutting-edge technologies [85] to
optimize crop yields while minimizing inputs such as water, fertilizer, and pesticides.

Big data analytics involves the examination of large and diverse datasets to identify hidden patterns, correlations,
trends, and valuable insights, enabling farmers to make informed decisions based on a comprehensive understanding
of factors influencing farming operations [86, 87]. Analysis of large datasets collected from sensors located proximally
or distally from the cultivated area (e.g. drones or satellites), through the new computational technologies, can help
farmers optimize resource allocation, predict crop yields, manage risks, and identify areas for improvement of farming
practices [88].

Furthermore, devices, such as soil moisture sensors, weather stations, and automated irrigation systems, allow farmers
to monitor and control agricultural processes in real-time. Connected sensors provide continuous data on environmental
conditions and crop status, enabling precise management and timely interventions.

By integrating these innovations, farmers can advance beyond conventional methods, adopting a more data-driven
and efficient approach that enables real-time informed decisions [89, 90]. Today, the decision-making process is facilitated
by Decision Support Systems (DSSs) that gradually evolved to incorporate more sophisticated tools and techniques [91,
92]. With the incorporation of machine learning (ML) algorithms and predictive models, indeed, DSSs could analyze
complex datasets, offering insights and recommendations for optimizing outcomes [93]. One of the most important
questions in agriculture is to predict soil suitability for specific crops before planting [94]. In this context, a balanced
microbiota supports optimal production yield while maintaining the ability of the soil to sustainably produce, which is a
relevant entry of the DSS algorithm [95, 96], DSS capable of monitoring soil health must utilize many data inputs includ-
ing soil nutrient levels, moisture content, temperature, microbial diversity, to feed ML algorithms aiming at predicting
crop performances. DSSs integrating soil microbiology monitoring can also ensure that farmers can take action to restore
microbial balance when necessary, by using beneficial microorganisms or compost amendments. This approach supports
sustainable crop productivity and the maintenance and enrichment of soil health.

Data that allow DSS elaboration often need to be examined by Artificial Intelligence (Al). Al technologies, such as
Machine Learning (ML) and Deep Learning (DL), have found numerous applications in agriculture, offering solutions
to various challenges [97-103], and could result fundamental to analyze and model large amounts of data detected
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in the field. Al-driven DSSs are instrumental for precision farming and its applications for sustainable agricultural
practices [104], aimed at preserving ecosystems, increasing the resilience of soils, and ensuring the quality and
quantity of food production (Agriculture 5.0) [105]. Al technologies are increasingly being utilized in agriculture
to enhance productivity, efficiency, and sustainability of crops, and play a leading role in this context by enabling
machines to perform tasks related to human intelligence [106]. Moreover, the integration of Internet of Things (loT),
Decision Support Systems (DSSs), Cloud Computing, Big data analytics and Remote Sensing has indeed brought
significant advancements in agriculture [107, 108]. The complementation with automation and digitization systems
enables both the collection of high-throughput data and the optimization of field-level practices such as planting
[109-111], fertilization [112-114], irrigation [115-119], and pest control [120-122] based on real-time data acquisi-
tion and analysis, and often are also used for features such as data visualization, modeling, and simulation [123].

Numerous publications on generic applications of Al techniques for agricultural sustainability are available, which
will not be reviewed here. Bhagat et al. (2022) made a bibliometric analysis, finding 465 papers only in the period
2000-2021 on this subject [124]. However, models developed using Al techniques to differentiate soil health status
based on soil microbial composition, which serves as a fundamental input for sustainable agriculture, are scant in
the literature.

1.4 Al empowers microbial community studies

For this review, we intended to consider only papers dealing with the prediction of soil health metrics through micro-
biome data as input, but this search was very restricting. So, we added studies that utilized Al techniques to predict
outcomes based on microbiome composition, as well as those that employed Al to determine microbiome composi-
tion as an output. We consulted publications from "Web of Science’, “SCOPUS" and “Google Scholar” databases until 1st

"o "o

October 2023, using the following keywords: “artificial intelligence”, “soil microbial community”, “soil health prediction’,
“soil microbiome monitoring’; “soil health assessment”, “soil microbiome’, “soil microbial indicators’, alone and using
the Boolean operator “AND" to refine the research (e.g. “soil microbial community AND soil health prediction”), in all
possible combination, excluding the redundant ones. Results are shown in Table S1. Out of 3508 papers found, only 12
encountered the requested criteria (Table 2), and their classification based on the Al approach applied is shownin Fig. 1.

As already mentioned, only a few studies have been published on how to predict soil health through information on
microbial soil communities using Al techniques and forecasting models, despite the high potential of these applications
[125]. In the context of studying soil microbiomes, researchers have proposed microbial-based metrics to evaluate soil
health [76]. Indeed, Correa-Garcia et al. (2022) [125] claim that considering the ability of microorganisms to reflect past
and present conditions of the habitats in which they are found, and are directly involved in the ecosystem processes, they
also have some predictive capacity for future processes. Microbiomes are ideal for modeling and predicting the evolu-
tion of ecosystem processes as they participate directly in them. De Andrade et al. (2021) [105] propose guidelines for
developing an Artificially Intelligent Soil Quality Index, incorporating input data for the ML model that includes recent
land management practices, current genomic features, present and projected plant cover, as well as current soil biological,
chemical, and physical parameters. Wilhelm et al. (2022) [126] aimed to develop a predictive model using soil bacterial
community composition (in terms of 165 DNA sequences) to estimate 12 key soil health metrics, including biological,
chemical, and physical properties. The study employed supervised machine learning algorithms, specifically Random
Forest (RF) and Support Vector Machines (SVM), to classify and predict soil health metrics based on microbiome data
collected from 949 soil samples from North American farmlands. Biological health metrics were the most accurately
predicted, while the models struggled more with chemical and physical metrics, such as aggregate stability. However,
the study suggests that larger and more region-specific datasets are needed to improve accuracy further. Hermans et al.
(2020) [127] applied RF models to assess the degree to which bacterial communities in cultivated soils can be used to
forecast physio-chemical soil characteristics: they verified a robust correlation between the composition of bacterial com-
munities and land use, asserting that bacteria sensitivity to changes in specific soil parameters highlights the potential of
bacterial DNA analysis as a tool for assessing soil quality. Chang et al. (2017) [128] applied a RF machine learning approach
to predict crop productivity based on microbiome composition, revealing that differences in crop productivity were
linked to the bulk soil microbiome composition and highlighting that several taxa are associated with nitrogen utilization.

Other publications were found on the use of Al techniques to study the relationship between soil microbial charac-
teristics and the physical and chemical properties of soils [129, 130], to predict soil microbial biomass [131], to predict
soil enzyme activity [132], and to assess soil microbiological characteristics or bacterial community structure [133-135].
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Fig.1 Classification of the
papers based on the Al tech-
niques applied

Al applied
15% H8v

/
23%./

— 15%

m Artificial Neural Network
= Multiple Linear Model
= Random Forest
Cubist Model
= None

All the above-mentioned papers are summarized in Table 2, with additional explainations of the main terms used in
this paper in Table 52.

1.5 Al techniques applicable to soil microbiome analysis

The analysis of microbiome features can encompass a range of computational methods, from conventional statistical
techniques to more sophisticated algorithms employed by Al. The first applications of Alto microbiota studies were used
to investigate the role of human gut microbiota in human health: Al techniques such as ML and DL algorithms were
applied for the diagnosis and therapy of critical diseases, with significant potential for improving public health [136-140].
An overview of ML methods for human microbiome analysis is given in Namkung (2020) [141].

Oh and Zhang (2020) [137] used autoencoders to convert microbiome data into low-dimensional representations,
thereby enhancing the ability to predict human diseases. Curry et al. (2021) [142] also investigated ML techniques for
disease detection from the gut microbiome, highlighting further computational and biological challenges. Morton
etal. (2019) [143] presented a training process that aims to estimate the likelihood of detecting a metabolite given the
provided microbe sequence through an Artificial Neural Network (ANN) approach. Tataru and David (2020) [144] used
word-embedding techniques to analyze microbiome data and to better understand microbial interactions in human
diseases. Costello and Martin (2018) [145] demonstrated how ML can predict metabolic pathways from time-series multi-
omics data, thereby eliminating the need for traditional kinetic models. Metwally et al. (2019) [146] used longitudinal
microbiome data to demonstrate the advantages of whole genome shotgun sequencing over amplicon sequencing,
providing more insight into the microbiome’s impact over time. ladanza et al. (2020) [136] explored the use of Alin the
identification and management of diseases by analyzing the gut microbiota. They emphasized the importance of Al in
interpreting complex data sets. Liu et al. (2022) [147] created a ML framework to identify gut microbiome biomarkers
across multiple geographic regions, utilizing ensemble learning and reinforcement learning techniques for personal-
ized modulation analysis. Li et al. (2022) [148] investigated the use of multi-omics data to improve the accuracy of
disease prediction models. They used ML techniques to study the gut microbiota and its effects on host metabolism. In
summary, autoencoders and other ANN architectures have proven to be efficient in handling the complex and diverse
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characteristics of microbiome data in medical science. This is critical for accurately predicting phenotypes and identify-
ing biomarkers, as demonstrated by Hernandez Medina et al. (2022) [149].

Expanding the use of ML techniques from medical to agricultural microbiome analysis presents numerous challenges,
including data collection, sparsity, and biomarker identification. Soil samples differ significantly from controlled medi-
cal settings due to many factors, e.g. weather, topography, and host organism diversity. Furthermore, soil microbiome
datasets are frequently smaller and less dense than human ones, thus needing more sophisticated data augmentation
and handling techniques to avoid overfitting. While many studies on the human microbiome focus on disease predic-
tion, the goal of agricultural applications often is the identification of biomarkers associated with soil fertility or crop
yield. Nevertheless, the aforementioned medical examples can serve as a reference for applying Al techniques to study
the soil microbiome. ML algorithms can significantly contribute to the advancement of our knowledge about soil health
by analyzing data on microbial communities and making predictions about different environmental indicators [150].

The procedure for analyzing soil microbiome data using Al techniques adheres to a systematic sequence of steps
commonly employed in bioinformatics and computational biology research (Fig. 2). Data pre-processing is an essential
step in microbiome analysis to adequately prepare the input data for accurate ML and DL modeling. Normalization of
microbiome data is necessary to adjust for differences in sequencing depths among samples. Various techniques such as
rarefaction, total-sum scaling, or more advanced methods can be employed for this purpose [151]. To address skewness,
logarithmic or other transformations such as square root can be employed. Missing values can be managed through
techniques like k-nearest neighbors (k-NN), multiple imputation, or by assigning zero or minimal values, depending on
the specific circumstances. In addition, when analyzing data that encompasses different taxa, creating new features
might help in capturing more complex relationships that may not be apparent from the original data alone. Techniques
such as Principal Component Analysis (PCA), t-distributed stochastic neighbor embedding (t-SNE), and Uniform Mani-
fold Approximation and Projection (UMAP) can be used to reduce the number of features and uncover structure in the
data that may be related to the phenotype of interest. Dimensionality reduction is accomplished by using autoencod-
ers to address the issue of high dimensionality in microbiome data. This method greatly accelerates model training and
hyperparameter optimization [137]. After pre-processing, the next step is to choose and train an appropriate ML or DL
model based on the hypothesis and nature of the data. Random Forests, Gradient Boosting Machines, and SupportVector
Machines are common models for microbiome studies, as well as ANN architectures such as Convolutional Neural Net-
works (CNN), Recurrent Neural Networks (RNN), and Autoencoders for DL tasks. DL models, particularly CNNs and RNNs,
are used to analyze complex microbiome datasets and predict diseases or phenotypic traits based on microbiome com-
position. These models are specifically intended to handle the massive amounts of data generated by high-throughput
sequencing technologies [137]. Implementing cross-validation is fundamental because it helps ensure that the model
does not just perform well on the training data but also generalizes well to new, unseen data, using techniques such
as k-fold cross-validation, grid search, random search, or Bayesian optimization, that can help find the optimal model

Fig.2 Principal phases of
developing a Machine Learn-
ing (ML) or Deep Learning
(DL) model
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settings [152]. Additionally, overfitting can be avoided by training the model on the training dataset and evaluating its
performance on a validation set. The outcomes of the model evaluation, which occurs after it has been trained, can be
interpreted within the framework of microbiome research. Metrics such as accuracy, precision, recall, F1-score for clas-
sification tasks, and mean squared error (MSE) or root mean squared error (RMSE) for regression tasks are computed to
evaluate the performance of the model, depending on the specific task at hand. Models such as feature importance from
tree-based models, SHAP values (Shapley Additive exPlanations), or permutation importance are among the commonly
used to ascertain the taxa, features, or functions that are influencing the predictions of the model. By integrating diverse
omics data, including metabolomics and metagenomics, and applying ML methodologies to this information, predic-
tive models become more accurate. By adopting this workflow researchers can gain comprehensive insights into how
microorganisms interact with one another and how these interactions influence their broader environment, whether
this is a specific ecosystem, agricultural setting, or human body [137]. An overview of ML approaches useful for analyzing
microbiome data is available in the paper by Papoutsoglou et al. (2023) [153]. A comprehensive review of utilizing DL
technigues for analyzing environmental microbiome data is also provided by Deng et al. (2021) [154]. This last review
outlines the advancements in DL techniques and elucidates their advantages over classical ML methods. The insights
gained can be applied to predict outcomes or classify new samples in environmental settings. This workflow must be
modified to reflect specific project goals, available data, and computational resources. Each step should be carefully
planned and carried out to ensure the conclusions are reliable and valid.

A significant step forward would be the creation of Al-based forecasting models that integrate physical, chemical, and
biological soil characteristics as well as agrometeorological data, allowing for the correlation of variation in microbial
community composition with different levels of soil health. Most of the bases are in place to complete this step, but
much work remains to be done on collecting data, soil parameter monitoring, parameter correlation, and mathematical
model training for prediction. The initial step involves systematically collecting detailed information over time at regular
intervals, focusing on soil properties such as pH, nutrient levels, organic matter content, and microbial composition.
Scheduling and tailoring the samplings at consistent intervals (e.g., monthly, seasonally) to capture temporal variations,
collecting them from multiple locations within the study area to account for spatial variability. This information could be
obtained through classical soil sampling and analysis, and with the help of remote sensing technologies. Also, it is impor-
tant to use a centralized database to store all collected data and record contextual information about sampling methods,
locations, and conditions to provide context for data interpretation. Understanding the interactions between soil micro-
organisms and their surroundings is critical: the roles of various microbial species in soil health, their functions, and how
they interact with plants can provide useful information. Using advanced molecular techniques such as metagenomics,
researchers can identify beneficial microorganisms found in healthy soils, such as nitrogen-fixing bacteria, mycorrhizal
fungi, and other symbiotic microbes that improve soil fertility and plant growth. Algorithms can be developed based on
the collected data and understanding of microbial ecology to recommend specific microbial inoculants or management
practices that are tailored to the soil’s unique characteristics and the crops grown. By incorporating these elements into
a DSS, farmers will be able to make more informed decisions that promote sustainable agriculture and productivity.
Furthermore, farmers'feedback on the effectiveness of recommended practices and observed changes in soil health can
be used to fine-tune the algorithms over time, which is critical for the DSS ongoing improvement. This entire process will
take a long time to develop, but the results will be significant for farmers and the global agricultural sector.

The use of Al in microbiome research could revolutionize our understanding and control over microbial communities.

2 Concluding remarks

Globally, soils face severe degradation due to unsustainable agricultural practices, deforestation, and climate change
impacts, leading to declines in soil fertility, erosion, and reductions in biodiversity (FAO on soil recarbonization practices:
The Nature Conservancy https://www.nature.org/en-us).

The use of Al to predict soil health through microbiome information could represent a significant advancement in soil
science. Microbiome datais inherently complex, with numerous microbial species interacting in intricate ways. Traditional
analysis methods can be time-consuming and may overlook the full depth of these interactions. Therefore, microbiome
data manipulation relies on key techniques to manage, analyze, and interpret the complex, high-dimensional datasets
produced by sequencing technologies.

Al models can efficiently process vast amounts of data and identify patterns that may be difficult for humans to
discern. Currently, the main examples of data manipulation on the microbiome are in medicine, while soil science
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appears to be a new and still open field for Al applications. ML techniques, including RFs, SVMs, and ANNSs, are widely
used in microbial community classification, clustering, and prediction modeling. CNNs excel at interpreting microbial
abundance data by transforming it into structured formats, whereas RNNs are especially effective at analyzing time-
series data, such as modeling microbial succession dynamics. One significant advantage of Al models is their ability to
constantly learn and adapt as new data becomes available. This adaptability is critical for studying soil microbiomes,
which live in constantly changing environments. As new information becomes available, models can be refined
to provide more accurate predictions of soil health. Furthermore, as discussed by Cuomo et al. (2024) [155], novel
techniques such as Physics-Informed Neural Networks (PINNs) show promise in modeling the growth of microbial
populations while accounting for environmental factors, providing a powerful tool for studying microbial dynamics.

Certainly, the advent of Al-based tools has the potential to significantly reduce the time and human resources
needed. Future developments should prioritize collaboration between researchers, farmers, and industries for devel-
oping standardized datasets and protocols. This can improve the reliability and interoperability of Al models across
different regions and agricultural systems, ensuring broader applicability and adoption. Understanding how well Al
predicts soil health is essential for gaining the trust of farmers and other stakeholders, and is crucial for the wide-
spread acceptance and adoption of Al-driven technologies.

In conclusion, the integration of Al for the prediction of soil health through microbiome information holds great
promise for sustainable agriculture. Continued research, technological advancements, and collaborative efforts are
essential to unlock the full potential of Al in optimizing soil management practices for a more resilient and produc-
tive agricultural future.
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2.3 Supplementary materials

Table S1 Results of the research with combinations of terms and Boolean operator “AND”

Combinations g:hocﬂ: g:_’: ?:ngfe Scopus
artificial intelligence AND soil microbial community 1010 0 3
artificial intelligence AND soil health prediction 26 0 0
artificial intelligence AND soil microbiome monitoring 3 0 0
artificial intelligence AND soil health assessment 269 0 1
artificial intelligence AND soil microbiome 945 6 8
artificial intelligence AND soil microbial indicators 4 0 0
soil microbial community AND soil health prediction 2 0 0
soil microbial community AND soil microbiome monitoring 6 0 0
soil microbial community AND soil health assessment 731 3 5
soil microbial community AND soil microbiome * \ \ \
soil microbial community AND soil microbial indicators * \ \ \
soil health prediction AND soil microbiome monitoring 0 0 0
soil health prediction AND soil health assessment 7 0 0
soil health prediction AND soil microbiome 3 0 0
soil health prediction AND soil microbial indicators 0 0 0
soil microbiome monitoring AND soil health assessment 0 0 0
soil microbiome monitoring AND soil microbiome * \ \ \
soil microbiome monitoring AND soil microbial indicators 0 0 0
soil health assessment AND soil microbiome 365 1 3
soil health assessment AND soil microbial indicators 34 0 0
soil microbiome AND soil microbial indicators 103 0 0

(*redundant)

Table S2 Brief compendium with the main terms related to Al, named in this review, for metrics, NN architecture,
statistical, and training techniques

Glossary
Terms What is Use

measures the proportion of correctly classified
Accuracy A statistical metric | examples out of the total number of examples in the

validation dataset.
An artificial | designed to learn efficient and typically lower-
Autoencoders n arwicial neural | gimensional representations of data, often for
network ; ; . : ]
dimensionality reduction or feature learning.
used to find the optimal parameters or
hyperparameters of a complex black-box function,
minimizing the number of observations while
converging rapidly to the optimal solution.
particularly effective for analyzing visual imagery,
Convolutional Neural | An artificial neural |widely used in image and video recognition, image
Networks (CNNs) network classification, medical image analysis, and other
tasks involving large amounts of visual data.
A statistical define a dataset to “test” the model in the training
Cross-validation method phase to validate the model, to limit problems like
overfitting, and underfitting, and provide an insight

Bayesian optimization | A ML technique
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into how the model will generalize to an independent
dataset.

F1-score

A statistical metric

often used in binary classification tasks, where the
goal is to classify instances into one of two classes,
typically labeled as positive or negative.

Gradient Boosting

used for classification and regression tasks, builds a
series of weak learners (typically decision trees)

Machine (GBM) AML technique sequentially, with each new learner correcting the

errors made by the previous ones.

it ensures a systematic exploration of the
Grid search A ML technique hyperparameter space and helps in finding the

optimal for a given learning algorithm and dataset.
Hyperpar_ameter A ML technique the process of finding the best s_et to optimize the
optimization performance of the machine learning model.

used to assess the performance of a machine
k-fold cross validation A statistical learning model and to evaluate its generalization

method ability, partitioning the dataset into k equally sized

folds.

non-parametric, supervised learning method that
k-nearest neighbors | A ML technique uses proximity to make classifications or predictions

about the grouping of an individual data point.

Logarithmic
transformation

A mathematical
operation

involves applying the logarithm function to a set of
data points, commonly used to transform skewed
data distributions or to stabilize variance in the data.

Minimal values

A mathematical
optimization

considered when analyzing data for outlier detection,
minimum variance, or in methods like Min-Max
scaling, which involves scaling features to a fixed
range based on the minimum and maximum values.

Mean Squared Error
(MSE)

A statistical metric

used to measure the average squared difference
between the observed values and the predicted
values produced by a model, for evaluating the
performance of regression models.

Multiple imputation

A statistical
technique

used to create multiple complete datasets by filling in
missing values several times, analyzing each dataset
separately, and then combining the results to get final
estimates.

Artificial Neural
Networks (NNs)

A computational
model

inspired by the human brain, consisting of layers of
interconnected nodes or "neurons” that process and
learn from data. Each connection has a weight that
adjusts during training to minimize errors, enabling
the network to make predictions or classify
information.

Normalization

A statistical
technique

used in data analysis and machine learning to scale
numeric features to a standard range, bringing all
features to a similar scale, preventing features with
large values from dominating the learning process,
and ensuring that the model can learn from all
features equally.

Permutation
importance

A ML technique

used to understand which features contribute most to
the predictions of a model, evaluating how the
predictions of the model change if the values of a
single feature are randomly shuffled, thereby
disrupting the relationship between that feature and
the target outcome.

Precision

A statistical metric

defined as the correctly predicted positive
observations among all the cases that the model
predicted as positive, used particularly in
classification tasks, to evaluate the accuracy of the
positive predictions made by the model.

Principle Component
Analysis (PCA)

A statistical
technique

commonly used in data analysis and machine
learning to simplify complex datasets with many
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variables, reducing the number of dimensions without
losing critical information.

Random Forest (RF)

A ML algorithm

used for classification and regression tasks, creates
a "forest" of decision trees, where each tree is trained
on a random subset of the data. This randomness
helps in making the model more robust and less
prone to overfitting.

Random Search

A ML technique

used for optimization particularly useful when the
hyperparameter space is high-dimensional or when
computational resources are limited.

Rarefaction

A statistical
technique

used to estimate the species richness or diversity of
a population based on a standardized sample size,
comparing species diversity in different samples,
particularly when the samples have different sizes.

Recall

A ML technique

used in classification tasks to measure the ability of a
model to identify all relevant instances in the dataset,
focusing on the accuracy of the positive predictions
made by the model.

Recurrent Neural
Networks (RNNs)

An artificial neural
network

particularly suited for processing sequences of data,
such as time series, speech, text, or any other form of
sequential information, characterized by loops,
allowing information to persist and influencing the
network's output based on previous computations.

Root Mean Squared
Error (RMSE)

A statistical metric

used to evaluate the performance of a regression
model, measuring the average deviation of the
predicted values from the actual values.

SHAP values

A model metric

used to explain the output of machine learning
models by attributing the contribution of each feature
to the model's predictions.

Support Vector
Machines (SVM)

A ML algorithm

are primarily used for classification tasks, but can also
be adapted for regression, important for their
effectiveness in high-dimensional spaces and their
ability to handle both linear and nonlinear decision
boundaries.

Total-sum scaling

A statistical
technique

useful in preparing data for analysis by making sure
that the features or samples are on a comparable
scale, normalizing the data relative to the total sum,
and turning absolute measurements into relative
measurements, which represent proportions or
percentages of the whole.

Tree-based model

A ML algorithm

uses a decision tree structure to make predictions, by
making sequential, hierarchical decisions about the
data features.

t-distributed
stochastic neighbor
embedding (t-SNE)

A ML technique

used to visualize high-dimensional data in lower-
dimensional space, typically two or three dimensions,
particularly useful for exploring and understanding the
structure of complex datasets by preserving the local
and global relationships between data points.

Uniform Manifold
Approximation and
Projection (UMAP)

A ML technique

preserves local structures well, but it also balances
the preservation of global structures, making it useful
for a broader range of data analysis tasks.

Word-embedding
techniques

A ML technique

used to represent words as dense vectors of real
numbers in a high-dimensional space, capturing
semantic and syntactic relationships between words,
allowing machines to process and understand human
language more effectively.
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Chapter 3 — Original research

3.1 Introduction

Building on the conceptual framework outlined in the previous chapter, this section presents the
experimental core of this doctoral research. The study focuses on the characterization of soil microbial
communities in an agricultural system subjected to different management practices, with the aim of
understanding how these practices shape microbial composition, structure, and ecological functions over
time.

Instead of relying on classical ecological metrics, the study explored the potential of Al and ML
algorithms to detect hidden relationships among treatments, microbial taxa, and soil health indicators.
These approaches aimed to move beyond descriptive characterization toward explorative algorithms,
supporting the identification of microbial groups associated with improved soil fertility and sustainable
productivity.

This study has been accepted for publication in the Special Issue “Smart Agriculture — BrIAS Edition”
of Physiologia Plantarum, following a minor revision process, and is currently awaiting final
publication. It is presented here in its accepted form, with the supplementary material at the end of the
main text. The work was also presented at the II Conference on Smart Agriculture, organized by the
Brussels Institute for Advanced Studies (BrIAS) and held in Brussels on 6—7 February 2025, where it
contributed to the broader scientific dialogue on the role of Al in transforming agrifood systems.
Overall, this work provides a comprehensive view of how soil microbiota responds to management

inputs and highlights the role of microbial communities in enabling data-driven, sustainable agriculture.
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Abstract

Understanding soil microbiota dynamics is essential for enhancing bio-sustainability in agriculture, yet
the complexity of microbial communities hampers prediction of their functional roles. Artificial
Intelligence (AI) and Machine Learning (ML) offer powerful tools to analyse high-dimensional
microbiome data generated by high-throughput sequencing.

Here, we apply unsupervised Al-based algorithms to uncover microbial patterns that are not immediately
recognisable but are crucial for characterising the biological status of agricultural soils. Soil samples
were collected from a site in Northern Italy managed under four strategies: conventional farming without
organic matter (C), with organic matter (C+O), with beneficial microorganisms but without organic
matter (M), and with both beneficial microorganisms and organic matter (M+0). Metagenomic
amplicon sequencing of the 16S ribosomal RNA (rRNA) gene and the internal transcribed spacer (ITS)
region was used to profile bacterial and fungal communities.

Principal Component Analysis (PCA), k-means clustering and t-distributed Stochastic Neighbour
Embedding (t-SNE) revealed coherent temporal trajectories in both datasets, with sampling time and
crop presence emerging as dominant drivers of community assembly and only subtle compositional
shifts attributable to treatments. Fungal communities exhibited higher plasticity and a stronger response
to management than bacterial communities, which converged towards a stable oligotrophic core.

Our findings highlight the complementary roles of fungal and bacterial guilds and show that
unsupervised ML-based workflows provide an effective framework to disentangle temporal and
treatment effects in complex microbiome datasets. This exploratory study lays the groundwork for future
predictive models aimed at identifying microbial indicators of soil biological status and supporting bio-

sustainable agronomic decisions.

1.Introduction

Soil microbiota encompasses a diverse community of microorganisms inhabiting the soil, including
bacteria, fungi, viruses, and algae. These communities are integral components of the soil ecosystem,

present across all soil types, with their abundance, diversity, and composition significantly variable.
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Microorganisms adjust their community structure and functions in response to specific environmental
and physicochemical soil conditions and are present across various ecosystems, including
agroecosystems, forests, grasslands, and even deserts (He et al. 2023; Cole et al. 2024; Zong et al. 2024;
Burrill et al. 2025). Soil microbiota is distributed throughout the soil profile, with its highest
concentrations typically found in the rhizosphere (Omotayo and Babalola 2021), thanks to the roots
releasing root exudates, representing a readily available source of carbon and energy for
microorganisms. This enrichment creates a biological 'hotspot': microbes proliferate more rapidly and
establish highly dense and functionally distinct communities (Kuzyakov and Razavi 2019). They are
also present in bulk soil, within aggregates, and in soil pores. Notably, a single gram of soil can contain
up to 10 billion microorganisms spanning thousands of distinct species (Pandey et al. 2024).

Soil should be regarded as a non-renewable resource and a vital and dynamic ecosystem in which
organisms and microorganisms interact in a bidirectional manner (Nannipieri 2020; Pedrinho et al.
2024). These interactions are particularly crucial, as they profoundly influence the multifunctionality of
the soil ecosystem (Wang et al. 2024; Hossain et al. 2025). A healthy soil sustains essential ecosystem
services, including water retention, nutrient cycling, carbon sequestration, and erosion control.
Moreover, it plays a critical role in food production by providing nutrients, water, and structural support
necessary for plant growth (Kopittke et al. 2024). Given these considerations, a fundamental question
emerges: how can soil health be effectively assessed? Assessing soil health successfully involves
evaluating its biological, chemical, and physical properties to determine how well it supports plants,
animals, and humans. Physical indicators, in particular soil texture, aggregate stability, porosity, and
bulk density give information on structure, compaction and water dynamics, that influence root growth,
water retention, and gas exchange. Chemical indicators, such as pH, cation exchange capacity, organic
matter content, nutrient levels (N, P, K, micronutrients) and presence of contaminants, and electrical
conductivity, reflect fertility, nutrient cycling, and pollution status. But, as largely discussed in scientific
literature, an effective assessment of soil health must encompass a detailed analysis of its biological
components, with particular emphasis on the soil microbial community, which also plays a pivotal role
in mediating the soil-plant—ecosystem relationship (Doran and Zeiss 2000; Ferris and Tuomisto 2015;
Lehman et al. 2015; Fierer et al. 2021; Bhaduri et al. 2022). The structure and functionality of these
microbial assemblages critically influence nutrient cycling by decomposing organic material, thereby
releasing plant-available nutrients and contributing to the formation of humus, which enhances soil
water retention (Lehmann and Kleber 2015). They also mediate key biochemical processes such as
oxidation, reduction, solubilization, and chelation, facilitating nutrient availability (Martinez et al.
2013). By producing extracellular substances, these microorganisms contribute to soil aggregation,
strengthening soil structure and stability (Hartmann and Six 2023; Mueller et al. 2024). Additionally,
soil microbiota establishes interactions with plants that promote growth and improve resistance to biotic
and abiotic stresses (Hou et al. 2021; Omae and Tsuda 2022; Kapoor et al. 2024).

Advancements in molecular techniques, particularly metagenomics, have revolutionized the study of

soil microbiota by enabling a comprehensive assessment of microbial communities. This approach
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allows the analysis of genetic material directly from soil samples, providing insights into microbial
diversity and abundance (Taraboletti et al. 2023), without the need for microbiological culture and thus
overcoming the limitations posed by unculturable microorganisms. By facilitating comparisons across
different environmental conditions and agricultural treatments, metagenomics serves as a powerful tool
for detecting shifts in microbial populations that directly impact soil health and ecosystem functionality
(Masuda et al. 2024).
This study focuses on soil microbiota, particularly fungal and bacterial communities within an
intensively managed greenhouse system cultivating Valerianella locusta (lamb’s lettuce). In such baby-
leaf systems, short crop cycles, continuous re-sowing and limited crop rotation create a highly dynamic
environment, in which temporal succession and rhizosphere effects may overshadow the impact of
agronomic treatments. Yet, the relative contribution of the sampling time, crop presence and
management to soil microbial dynamics remains poorly understood in these contexts.
Here, we investigate soil microbial communities through DNA-based profiling and advanced
computational analyses. We use Al-based exploratory tools, Principal Component Analysis (PCA), K-
means clustering, and t-distributed Stochastic Neighbour Embedding (t-SNE), to identify major patterns
and discrete microbial “states” across treatments and sampling times. This unsupervised ML framework
is designed to disentangle temporal vs treatment effects, compare the responses of fungal and bacterial
communities, and provide a structured basis for future predictive modelling.
The ultimate goal is to pave the way for a predictive model that leverages Artificial Intelligence (Al)
approaches, including Machine Learning (ML) and Deep Learning (DL) algorithms, to identify
microbial patterns contributing to soil fertility. The analysis of soil microbiome data through artificial
intelligence (Al) involves several critical steps (Pace et al. 2025):
1. Data Collection — Ensuring the accuracy and representativeness of soil samples.
2. Pre-processing and Transformation — Cleaning, standardizing, and preparing data for
computational analysis.
3. Al Model Selection — Identifying appropriate algorithms for predictive modelling.
4. Training and Validation — Developing and refining the model using sample data to enhance
reliability.
5. Model Performance Evaluation — Assessing the model’s accuracy and applicability in
predicting microbial community dynamics.
Following this framework, we structured our research into three main phases: data collection, data
analysis (pre-processing and transformation), and model implementation. In the present work, we report
on the outcomes of the first two phases. Specifically, we address the following questions: (i) how do soil
fungal and bacterial communities evolve over successive crop cycles of V. locusta? (i) to what extent
do the four agronomic treatments, including microbial inoculation and organic matter addition, alter
these temporal trajectories? and (iii) do fungal and bacterial communities differ in response to the same

management regime? By answering these questions, we aim to clarify the ecological dynamics of soil
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microbiota in greenhouse baby-leaf production and to illustrate how unsupervised ML approaches can

support soil health assessment under agronomic conditions.

2.Materials and Methods

2.1 Site description and treatments

Soil sampling and environmental data collection were conducted from January to September 2023 in a
commercial farm belonging to the Producer Organization (OP) “Sole&Rugiada”, located in Bagnolo
Mella (Brescia, Lombardy, Italy). The farm specializes in greenhouse cultivation of baby leaf crops, and
the study was carried out on Valerianella locusta.

According to the experimental design, four treatments were established: (i) conventional farming
without organic matter (C), (ii) conventional farming with the addition of organic matter (C+0O), (iii)
conventional farming with the addition of beneficial microorganisms but without organic matter (M),
and (iv) conventional farming with the addition of both beneficial microorganisms and organic matter
(M+0). The term “addition of beneficial microorganisms” refers to the application, via irrigation, of the
commercial product “RyzoPepUp” by Samagri S.r.l. (Cava de’ Tirreni, NA Italy), which contains
rhizosphere bacteria and Trichoderma spp. This formulation is designed to promote the development of
both the root system and the aerial parts of the crop. The product is delivered in an organic matrix
consisting of a non-composted plant-based soil improver. In this experiment, RyzoPepUp was applied
at a commercial dose and timing recommended by the manufacturer. Consequently, the presence or
absence of the microbial inoculant (treatments M and M+O vs. C and C+O) was treated as a categorical
management factor, rather than as a graded continuous input signal. Treatments with microorganisms

were applied throughout the sampling period, with one application per crop cycle.

2.2 Soil sampling scheme and experimental design

Two baseline samples of bare soil were collected, one from the plots designated for the microbial
inoculum (M/M+0) and one from the control plots (C/C+O). At that stage the plots had only been
demarcated and no treatments had yet been implemented. Subsequent soil samplings were made at the
end of each crop cycle. Sampling time points are thus denoted t0, t1, t2, t3, t4, and t5, with t0 representing
the shared baseline and t1 to t5 the subsequent samplings.

For each treatment and time point, sampling points were arranged according to a standardized grid
consisting of two diagonals across each plot, with five evenly spaced points per diagonal (Figure 1).
Each diagonal yielded one composite soil sample, resulting in two samples per plot. From these two
field replicates collected per treatment, a third composite sample was prepared by homogenization to
obtain a more representative biological replicate. As a result, three biological replicates were obtained
for each treatment at each time point. All soil samples were collected in clean plastic bags, stored at
4 °C, and processed within one week from collection. The sampling depth corresponded to the soil layer

occupied by the root system, which, in the case of baby leaf crops, does not exceed 30 cm.
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Figure 1. Schematic representation of the soil-sampling design in the greenhouse experiment. In each of the four plots, two
composite soil samples were collected by pooling cores at fixed positions along two diagonal transects (ved and blue dots). A
third soil sample was then obtained by mixing equal amounts (1:1) of the “blue” and “red” composites, yielding three samples
(1-3) per plot.

® sample 2

2.3 DNA extraction and amplicon preparation

The biological characteristics of the soil samples were assessed through metagenomic analysis. Genomic
DNA of bacteria and fungi was extracted from each soil sample and subsequently amplified in triplicate.
DNA extraction was carried out using the NucleoSpin® Microbial DNA kit (Macherey-Nagel,
Germany), following the manufacturer’s protocol for genomic DNA isolation from microbial
communities. For bacterial community profiling, the universal primers 27F (forward: 5’-
AGAGTTTGATCCTGGCTCAG-3") and 1492R (reverse: 5’-GCTTACCTTGTTACGACTT-3") (Frank
et al. 2008) targeting the 16S rRNA gene were used. For fungal community analysis, the universal
primers ITS1 (forward: 5’-TCCGTAGCTGAACCTGCGG-3’) and ITS4 (reverse: 5°-
TCCTCCGCTTATTGATATGC-3’) (Mirhendi et al. 2007) targeting the ITS region were employed.
PCR amplification was carried out in a 50 uL reaction volume containing: 10 uL of 5X Colorless
GoTaq® Reaction Buffer with MgCl. (Promega, USA), 1 uL of forward primer (10 uM), 1 uL of reverse
primer (10 uM), 1 pL of ANTP mix (10 mM each; Promega, USA), 0.25 pL of GoTaq® DNA Polymerase
(5 U/uL; Promega, USA), 0.5 uL of DNA template (10 ng/uL), and 36.25 uL of sterile ultrapure water.
Thermal cycling was conducted using a Mastercycler® Nexus X2 (Eppendorf®, Germany) with the
following conditions:

— For ITS amplification: initial denaturation at 95 °C for 5 min; 35 cycles of 95 °C for 30 s, 58 °C for
30 S, 72 °C  for 50 s; final extension at 72 °C for 10  min.
— For 16S amplification: initial denaturation at 95 °C for 5 min; 35 cycles of 95 °C for 30 s, 48 °C for
30 s, 72 °C for 90 s; final extension at 72 °C for 10 min.
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PCR products were visualized on a 1% agarose gel prepared in TAE 1% buffer and stained with SYBR
Safe DNA Gel Stain (10%; Invitrogen, Thermo Fisher Scientific, USA). A 100 bp DNA ladder (New
England Biolabs Inc., UK) was used as a molecular size marker. Following electrophoresis, the
amplicons were purified using the NucleoSpin® Gel and PCR Clean-up kit (Macherey-Nagel,
Germany), according to the manufacturer’s protocol. The concentration of purified PCR products
(ng/pL) was measured using both the NanoDrop™ One spectrophotometer (Thermo Fisher Scientific,
USA) and the Qubit™ Fluorometer (Invitrogen, Thermo Fisher Scientific, USA) for improved

quantification accuracy.

2.4 Oxford Nanopore sequencing

Amplicon sequencing was performed by using Oxford Nanopore Technologies (ONT), which allows
the analysis of near full-length marker genes, improving taxonomic resolution compared to short-read
platforms. The three PCR replicates from each soil sample were pooled. Library preparation was
performed using the Rapid Barcoding Kit 24 (SQK-RBK114.24; Oxford Nanopore Technologies, UK),
and sequencing was carried out on a Flongle flow cell using the MinlON platform, following the

manufacturer’s instructions.

2.5 Bioinformatic workflow

Raw signals were processed with Guppy, the ONT software for basecalling and demultiplexing,
retaining reads with a quality score >Q7.

Subsequent bioinformatic processing was carried out using the EPI2ME platform (Oxford Nanopore
Technologies). The workflow wf-16S, that classified 16S/18S/ITS amplicons, was applied. This
workflow includes read quality control, alignment against reference databases, and taxonomic
classification. Relative abundances were calculated from the classified reads. Taxonomic assignments,
performed via alignment against reference databases (e.g., GenBank, NCBI), were reported primarily at
the genus level, with species-level resolution considered when supported by sufficient read depth and
classification confidence. The resulting abundance tables, reporting the number of reads per taxon per

sample barcode, were exported in Excel format for downstream analyses.

2.6 Machine learning analytical pipeline

Preliminary data cleaning and exploratory analysis were performed using Python (v3.11) as described
in Supplementary (S1), with a pipeline that integrates several unsupervised machine learning techniques,
namely Principal Component Analysis (PCA), K-means clustering and t-distributed Stochastic
Neighbour Embedding (t-SNE), to explore patterns and structure within complex microbial datasets and
identify natural groupings among samples and potential microbial signatures associated with specific
treatments or time points. For each dataset (ITS and 16S), we constructed a taxon (rows) x sample
(columns) matrix of relative abundances, where each column corresponds to one treatment X time
combination. These relative-abundance matrices constitute the input to the ML pipeline, while treatment

and sampling time were used only as metadata to colour and annotate ordinations and were not included
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as predictor variables. For the multivariate and machine-learning analyses, the relative abundances from
the three biological replicates were averaged so that each treatment x time combination was represented
by a single composite profile. We chose this approach to reduce noise and focus on the main patterns
associated with treatments and sampling times, while still accounting for within-treatment variability at
the level of data preprocessing. Metadata tables (one for ITS and one for 16S) have been included in
Supplementary Materials (Table S4 and Table S5).

Principal Component Analysis (PCA) was applied to the centred and scaled relative abundance matrices
to reduce dimensionality and summarise major gradients in community composition.

K-means clustering was performed on the PCA scores to identify groups of samples with similar
community structure. We explored values of k from 2 to 7 and evaluated clustering performance using
the average silhouette score and inspection of the elbow in the within-cluster sum of squares. For both
ITS and 16S data, k = 3 provided the highest or near-highest silhouette scores while avoiding very small,
unstable clusters. Moreover, the three-cluster solution yielded ecologically interpretable groups
corresponding to early, intermediate and late successional stages, which were consistent across PCA and
t-SNE representations. Therefore, k = 3 was retained for all subsequent analyses.

To characterise the taxa associated with each of the three K-means clusters, we combined the cluster
assignments with the taxon relative-abundance tables. For each dataset (ITS and 16S), we calculated the
mean relative abundance of each taxon within each cluster and used these values to identify the taxa that
were most abundant and characteristic of a given cluster. This procedure is descriptive and is intended
to highlight taxa that typify each microbial “state” identified by the clustering, rather than to provide a
formal statistical discriminant analysis.

To visualise non-linear structure and local similarities in community composition, we applied t-
distributed Stochastic Neighbour Embedding (t-SNE) to the same PCA scores used for K-means. This
approach preserves neighbourhood relationships and improves the separation of clusters in a two-
dimensional space. t-SNE maps were coloured by treatment, sampling time and K-means cluster
assignment to facilitate the joint interpretation of temporal dynamics and management effects.

These ML algorithms improved the interpretation of ecological dynamics and treatment effects, offering
a data-driven foundation for hypothesis generation. In particular, the k-means algorithm indicates the
number of clusters to be generated, determined through silhouette analysis, and is based on the average
(centroid) of the points belonging to each cluster (Yuan and Yang 2019); while t-SNE, is an algorithm
that refers to the use of the Student’s t distribution in the low-dimensional space to model similarities
between points, and denotes the embedding method that aims to preserve neighbourhood relationships
between data points when projecting them into a lower-dimensional space, in a probabilistic (stochastic)

manner (Jung et al. 2024).
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3.Results

3.1 ITS community dynamics

3.1.1 Multivariate structure and patterns

The PCA of ITS sequencing data (PC1 =21.7%, PC2 =19.7%; cumulative variance ~41.4%) revealed a
clear temporal separation of samples (Figure 2A). Baseline samples (t0) were clearly distinct from all
subsequent time points, indicating a fungal community characteristic of bare soil before crop
establishment. Samples collected from t1 to t4 occupied an intermediate region of the ordination space,
whereas late-stage samples (t5) were slightly shifted, suggesting further restructuring of the community
towards the end of the cropping cycle. Treatment-related differences were present but modest compared
with the dominant temporal gradient.

K-means clustering of PCA scores partitioned the ITS dataset into three clusters (Figure 2B). Cluster 3
contained all t0 samples and represented the initial community state. Cluster 2 encompassed the majority
of samples from t1 to t4, while Cluster 1 comprised mainly late-stage samples (t5) and a subset of mid-

cycle samples (t2) from C and C+O treatments.

46



A ITS DATA PCA B ITS DATA k-means
6 Treatment 6 Treatment
o s [§12 Koo sk 12
AM+0 5 O c SMs0 15 O c
@1 & c+0 oM <o> f’:n
{pon O M {ron
M+O
4 A M40 4 A M
Time Cluster
? @ w0 ? © Cluster 1
@ u © Cluster 2
£ ) o © 3 " © Cluster 3
px £
:, ] o= |2, &
g g WE
ﬂiﬂﬁ‘u ° © |
-2 =2
o Qrroy
” .
. 'mmo [ 2= {).ﬁ“”‘“ oM
Ao Ao B
-6 -4 -2 o 2 4 s 4 -2 0 z 3
PC1 (21.7%) PC1 {21.7%}
c Cluster x treatment Cluster x sampling time Cluster K-means
6 ad — S ____ — N I @ Cluster1
O Cluster 2
O Cluster3
5
3
3 3
34 5
E E
2 a
- -
23 ] —
@ @
E=] o
E E
5 5
2, 2
14
1
0 : . . 0
= (=] v =) e = o a = 1)
+ + .
= (¥) time
treatment

Figure 2. Multivariate structure and patterns of the ITS (fungal) community dataset. Principal Component Analysis (PCA) of
the ITS (fungal) community dataset. (A) Ordination of samples along PC1 (21.7% of the variance) and PC2 (19.7%), with
points coloured by sampling time (t0-blue, ti1-orange, t2-cyan, t3-red, t4-violet, t5-dark green) and shaped by agronomic
treatment (¢ M, m C, A M+0O, ¢ C+0); each point represents the mean community profile for one treatment x time
combination (average of three biological replicates). (B) Same PCA ordination showing the three K-means clusters (Cluster 1
= pink, Cluster 2 = salmon, Cluster 3 = turquoise) by colour, while point shapes again denote treatments. (C) Distribution of
K-means clusters in the ITS dataset, expressed as number of samples per cluster by treatment (left) and by sampling time

(right).

Clustering analysis across all treatments (Figure 2C, left panel) reveals a strong predominance of Cluster
2 (salmon). The remaining clusters, Cluster 1 (pink) and Cluster 3 (turquoise), are less represented. Even
if variability among treatments appears limited, and all three clusters occur across the four treatments,
the proportions of the clusters seem to vary depending on the presence or absence of “RyzoPepUp”.
Specifically, Cluster 2 dominates in M and M+O, whereas Cluster 1 gains greater importance in C and
C+O.

In Figure 2C, right panel, clusters are shown in relation to sampling time. At t0, all samples fall within
Cluster 3, suggesting an initial microbial community distinct from the subsequent phases. At t1, t3, and
t4, all samples group into Cluster 2, which therefore dominates the intermediate stages of the cycle. At
t2, samples are evenly divided between Cluster 1 and Cluster 2, indicating a transitional stage or

increased community heterogeneity at this point, reflecting a new condition in specific samples. At the
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final stage (t5), all samples fall within Cluster 1, highlighting a marked reshaping of community

composition compared to earlier phases.
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Figure 3. Non-linear ordination of the ITS (fungal) community dataset. t-distributed Stochastic Neighbor Embedding (t-SNE)
plot of ITS data showing the distribution of samples in the two-dimensional t-SNE space (tSNE1 vs tSNE2). Each point
represents a sample, with shapes indicating agronomic treatments (m C, ¢ C+0O, @ M, A M+0) and colours corresponding
to the three K-means clusters previously identified (Cluster 1 = purple, Cluster 2 = orange, Cluster 3 = turquoise).

The t-SNE analysis (Figure 3) preserved local similarities, making samples with similar features appear
close together, thus revealing better cluster groupings. This analysis confirmed that sampling time, rather
than treatment, was the main driver of fungal community composition. Early samples (t0) clustered
separately, confirming the uniqueness of initial colonizers. Intermediate stages (t1-t4) grouped
predominantly in Cluster 2, indicating convergence of communities across treatments during the central
phases of the experiment. At the final stage (t5), samples formed a distinct cluster, suggesting a shift
towards treatment-specific or late-successional taxa. Only a subset of t2 samples grouped in Cluster 1
together with a sample of t5, highlighting a transient divergence. Overall, t-SNE corroborated that

temporal dynamics override treatment effects in shaping ITS-based community structure.
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3.1.2 Cluster-level taxonomic signatures

The list of taxa that were most abundant within each fungal cluster, used to characterise their taxonomic

signatures, is reported in Tables S2 (Supplementary Material S2). Below, we summarise the main taxa

and functional groups that typify each cluster:

Cluster 1 (C, C+0O at t2 and M at t5) displayed a more heterogeneous composition. Trichoderma
spp. co-occurred with putative plant-associated and pathogenic taxa (e.g. Epicoccum spp.,
Paramacroventuria spp.) and other functionally diverse fungi. This pattern suggests a late-
successional community in which beneficial and potentially harmful taxa interact under
conditions of intensified root activity, resource competition and repeated cropping.

Cluster 2 (which includes most samples from time points t1—t4) was characterised by a strong
dominance of Trichoderma spp. together with fast-growing saprophytes such as Mortierella spp.
and Linnemannia amoeboidea. This assemblage likely represents an intermediate stage in which
antagonistic fungi and opportunistic decomposers coexist under active rhizosphere influence
and management interventions, while a background of saprotrophic fungi remains.

Cluster 3 was clearly distinct (all samples at t0) and dominated by saprotrophic fungi typically
associated with bulk-soil organic matter turnover, including Mortierella spp., other
Mucoromycota and diverse decomposers. This profile is consistent with a decomposer-driven
community in a soil rich in plant residues and undergoing active carbon turnover and nutrient

mineralisation prior to crop establishment.

These differences highlight shifts from an initial saprotrophic phase (Cluster 3, dominated by

Mortierella alpina) to communities enriched in antagonistic taxa (Clusters 1, 2), likely reflecting

contrasting soil conditions and crop-associated dynamics and combining 7richoderma spp. with plant-

associated taxa. These results demonstrate that time is the dominant factor shaping ITS community

structure, while treatments exert subtler but detectable effects.
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Figure 4. Heatmap of the 20 most abundant fungal species in the ITS dataset. Rows represent fungal species, while columns
correspond to sample groups (treatments M, M+O, C and C+0) arranged along the temporal sequence of samplings (t0—t5);
sample labels are colour-coded by sampling time. Cell colours indicate relative abundance, ranging from white (absence or
very low abundance) through blue (intermediate values) to red (highest abundance).

A heatmap of the top 20 fungal species across all samples (Figure 4) provided a concise overview of
compositional patterns. The heatmap illustrates the relative abundance of microorganisms across
samples and reveals clear differences in the distribution of fungal taxa among treatments and sampling
times. Several taxa were detected at low abundance and appeared sporadically across samples, whereas
others were consistently present and more abundant, shaping distinct community patterns. Rows
correspond to fungal microorganisms identified through ITS sequencing, while columns represent
sequenced samples, organized by treatment and time. The side bar indicates relative abundance intensity,
ranging from 0 (white) to increasing values in blue and up to the maximum in red. Notably, the tO
samples stand apart from subsequent ones, the samples collected between tl and t4 display similar
patterns, and those at t5 diverge again from the earlier time points, confirming what emerged from
previous data analysis. Complete profiles (relative abundance of each taxon >0.05) and details on taxa

are reported in Supplementary material (Table S4).

3.2 Bacterial (16S) community dynamics
3.2.1 Multivariate structure and patterns
The PCA based on 16S data (PC1 = 26.8%, PC2 = 20.3%, cumulative variance ~47.1%), also revealed

a marked effect of time on community composition (Figure 5SA). Baseline samples (t0) formed two
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distinct groups reflecting the two baseline positions (C/C+O vs M/M+O areas), both separated from
subsequent stages. Samples from t2 to t5 clustered more closely together, indicating a convergence of
bacterial communities as the cropping cycle progressed, whereas t1 samples occupied an intermediate
but slightly more dispersed position.

K-means clustering of the PCA scores identified three clusters in the bacterial dataset (Figure 5B).
Cluster 3 grouped the t0 samples from C and C+0O, forming the most distinctive assemblage. Cluster 2
included the t0 samples from M and M+O together with almost all samples from t2 to t5 across
treatments, representing a stable core community. Cluster 1 comprised primarily t1 samples, reflecting

a transient, early-stage configuration.
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Figure 5. Multivariate structure and patterns of the 16S (bacterial) community dataset. Principal Component Analysis (PCA)
of the 16S dataset. (4) Ordination of samples along PCI (26.8% of the variance) and PC2 (20.3%), with points coloured by
sampling time (t0-blue, t1—orange, t2—cyan, t3—red, t4—violet, t5—dark green) and shaped by agronomic treatment (e M, m C,
A M+0O, ¢ C+0), each point represents the mean community profile for one treatment x time combination (average of three
biological replicates). (B) Same PCA ordination showing the three K-means clusters (Cluster 1 = green, Cluster 2 = purple,
Cluster 3 = gold) by colour, while point shapes again denote treatments. (C) Distribution of K-means clusters in the 16S
dataset, expressed as number of samples per cluster by treatment (left) and by sampling time (right).

Cluster 1 and Cluster 2 are present in all the treatments (Figure 5C, left panel), with Cluster 2 (purple)
largely predominant. Cluster 3 (yellow) is only present in C and C+O treatments. This indicates that
microbial composition does not markedly differ among treatments. A clear temporal pattern emerges

51



(Figure 5C, right panel): at the initial time t0, samples are split between Cluster 2 (purple) and Cluster
3 (yellow), at t1, all samples fall exclusively into Cluster 1 (green), while from t2 to t5, all samples
belong to Cluster 2 (purple).

This dynamic suggests that microbial variability is mainly driven by the temporal factor rather than by
the treatment, with an initially heterogeneous community that progressively converges into a more

uniform and stable profile as the cycle advances.
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Figure 6. Non-linear ordination of the 16S (bacterial) community dataset. t-distributed Stochastic Neighbor Embedding (t-
SNE) plot of 16S data showing the distribution of samples in the two-dimensional t-SNE space (tSNE1 vs tSNE2). Each point
represents a sample, with shapes indicating agronomic treatments (m C, ¢ C+0, ® M, A M+0O) and colours corresponding
to the three K-means clusters identified (Cluster 1 = green, Cluster 2 = purple, Cluster 3 = gold).

The t-SNE plot of 16S data (Figure 6) provided a complementary, non-linear view. Baseline
communities at t0 appeared as two clearly separated groups, t1 samples formed a small intermediate
neighbourhood, and most samples from t2 to t5 converged in a central region, largely irrespective of
treatment. This spatial arrangement confirmed that temporal dynamics were the predominant factor
structuring bacterial communities, with treatments exerting only limited influence within this overall

trajectory.
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3.2.2 Cluster-level taxonomic signatures

Analogously, the taxa that typified each bacterial cluster, based on their mean relative abundance within

clusters, are summarised in Tables S3 (Supplementary Material S3). Cluster-level taxonomic profiles

showed that, in contrast to fungi, bacterial communities were dominated by a relatively stable

oligotrophic core:

Cluster 1 (mainly t1 samples) shared this core but was enriched in fast-growing, disturbance-
tolerant and copiotrophic taxa, including some Bacillales and other stress-tolerant lineages. This
profile is consistent with a transient colonisation phase following crop establishment and early
management operations, during which opportunistic bacteria temporarily increase in abundance
before the community stabilises.

Cluster 2, which included M/M+O t0 samples and almost all samples from t2 to t5, was
structured around Acidobacteriota, Actinobacteriota and other taxa typical of low-input, well-
aerated soils, together with diverse Proteobacteria (e.g. Bradyrhizobium, Rhizobiales-affiliated
taxa). This cluster reflects a community adapted to moderate resource availability and repeated
cropping, and likely underpins functional stability in the system.

Cluster 3, comprising C and C+O t0 samples, was the most distinctive bacterial assemblage. It
included higher representation of taxa associated with wetter or more reduced
microenvironments (e.g. denitrifiers and sulfur-oxidising bacteria), together with organisms
involved in nitrogen transformations and labile carbon turnover. This suggests that baseline
conditions in the conventional plots before treatment application were characterised by higher

moisture, micro-anoxia and fresh organic inputs.

Together, these patterns suggest an ecological trajectory from heterogeneous initial communities

(Clusters 2 and 3 at t0), through a transient colonization phase (Cluster 1 at t1), towards a progressive

stabilization into a conserved and resilient core (Cluster 2 from t2 onwards). The analysis of cluster-

associated taxa further revealed a functional succession of microbial groups across the cropping cycle,

corroborated by the temporal dynamics observed at each sampling point.
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Figure 7. Heatmap of the 20 most abundant bacterial species in the 16S dataset. Rows represent bacterial species, while
columns correspond to sample groups (treatments M, M+0O, C and C+0O) arranged along the temporal sequence of samplings
(t0—t5); sample labels are colour-coded by sampling time. Cell colours indicate relative abundance, ranging from white
(absence or very low abundance) through blue (intermediate values) to red (highest abundance).

The heatmap of the top 20 bacterial species (Figure 7) summarised compositional changes across
treatments and time. A small set of genera remained consistently abundant throughout the experiment,
forming the core microbiome, while others showed transient peaks early in the crop cycle or slight shifts
associated with particular treatments. Baseline samples (t0) exhibited more pronounced differences
between conventional and microbial treatment areas, whereas samples from t2 to t5 were more similar
across treatments, reflecting the convergence observed in multivariate analyses. Complete profiles

(relative abundance of each taxon >0.05) and details on taxa are reported in Supplementary material
(Table S5).

4.Discussion

This study combined amplicon sequencing of ITS and 16S rRNA genes with unsupervised machine
learning to disentangle the effects of time, crop presence and agronomic treatments on soil fungal and
bacterial communities in an intensively managed greenhouse system. The results indicate that temporal
dynamics and the establishment of Valerianella locusta were the primary drivers of community
assembly, whereas the four treatments produced only subtle compositional shifts. Fungal communities
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exhibited pronounced temporal restructuring and higher responsiveness to treatments, while bacterial

communities converged towards a relatively stable core.

4.1 Temporal dynamics and crop presence dominate over treatment effects

Our results provide complementary insights into the temporal and functional dynamics of soil microbial
communities, integrating fungal (ITS) and bacterial (16S) profiles across treatments and sampling times.
A consistent pattern emerges: time, rather than treatment, is the primary driver of microbial community
assembly and succession.

At t0, when V. locusta was not yet established, microbial assemblages reflected bulk-soil conditions,
dominated by decomposer fungi (Mortierella alpina, Pseudeurotium bakeri) and metabolically
specialized bacteria (Candidatus Methylomirabilis oxyfera, Thiobacillus spp.). These communities
likely mirror the background soil legacy shaped by past management, organic residues, and resource
availability in the absence of plant influence. Indeed, the genus Mortierella is well documented as a
ubiquitous saprotroph enriched in bulk soils (Eberly et al. 2024), and early rhizosphere colonization is
often dominated by decomposers before giving way to more specialized taxa (Fracchia et al. 2024).
From t1 onwards, the establishment of V. locusta introduced the “rhizosphere effect,” whereby root
exudates and crop residues created novel ecological niches. This shift progressively favoured
antagonistic and plant-associated fungi (7richoderma spp., Epicoccum spp.) and oligotrophic bacteria
(Acidobacteriota, Actinobacteriota), consistent with previous studies (Windisch et al. 2021). The distinct
V. locusta root bacteriome (Garcia Méndez et al. 2023) may further contribute to these successional
changes. Altogether, these dynamics point to a transition from bulk-soil decomposer communities to
rhizosphere-shaped communities, progressively stabilizing along the crop growth cycle.

Despite the application of organic matter and microbial inoculants, treatment effects on community
composition were modest compared with temporal changes. Several factors may explain this limited
differentiation. First, the greenhouse system is characterised by highly homogeneous management
(irrigation, fertilisation, environmental control) and relatively small spatial scale, which tend to reduce
between-plot variation. Second, the short duration of each crop cycle and the overlap between successive
cycles may not allow sufficient time for treatment-specific communities to develop and stabilise. Third,
the added microorganisms and organic matter were applied according to commercial practice, which is
designed primarily to enhance crop performance rather than to induce strong, lasting shifts in the entire
microbiome. We note that the microbial inoculant was applied once per crop cycle, always using the
same commercial formulation and recommended dose, so that our design effectively contrasted the
presence versus absence of the inoculant as part of the overall management regime. Consequently, our
inferences on inoculation effects are restricted to this specific product and application protocol, and the
treatments are best interpreted as categorical management options rather than as quantitative levels of a
continuous input signal. A dynamical-systems approach aimed at building a robust predictive model
would require varying inoculant type, concentration and timing to generate richer input—output

relationships and to characterise the underlying response functions more explicitly.
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Under these conditions, the soil microbiota appears to be governed by strong deterministic forces linked
to crop presence and overall management, while the treatments tested here act as secondary modifiers
that slightly alter the prevalence of particular taxa or clusters, rather than restructuring the community
as a whole. This does not exclude functional consequences of treatments, subtle shifts in key taxa may
have disproportionate effects on nutrient cycling or plant health, but it suggests that such effects are
embedded within a robust and recurrent temporal trajectory.

Taken together, these patterns indicate that our temporal resolution captures broad community states
rather than fine-grained dynamics. For fungi, t0 represents a distinct baseline state, samples from t1 to
t4 form an intermediate rhizosphere-influenced state, and t5 marks a late-stage shift in community
composition. For bacteria, t0 samples form distinct baseline groups, t1 represents a short-lived transient
configuration, and samples from t2 to t5 converge towards a common core community that remains
relatively stable across treatments and late sampling times.

However, with six sampling times over the January—September period, we cannot resolve short-term
transients, such as rapid adjustments immediately after crop establishment, inoculant application or
changes in environmental conditions. In particular, the transitions between t0 and t1 for fungi and
between t1 and t2 for bacteria, as well as the detailed dynamics leading to the late-season divergence
observed at t5, remain under-sampled. The divergence at t5 of the fungal communities may be linked to
the cumulative effects of successive crop cycles and end-of-season changes in greenhouse climate and
soil conditions, but our design does not allow us to pinpoint the exact drivers. Higher-frequency

sampling would be required to describe these transient phases in more detail.

4.2 Differential plasticity of fungal and bacterial communities

The functional transition observed reflects classic successional theory in soil microbial ecology: initial
dominance by decomposer guilds gives way to biocontrol and plant-associated taxa linked to plant health
and rhizosphere interactions (Yu et al. 2025). At t0, fungal communities were dominated by saprotrophs
(Mortierella spp., Pseudeurotium spp.) linked to organic matter turnover (Eberly et al. 2024), whereas
later stages (t1-t5) were enriched in antagonistic fungi (Trichoderma spp., Epicoccum spp.) with known
roles in plant growth promotion and pathogen suppression (Guzman-Guzman et al. 2023; Yao et al.
2023).

On the bacterial side, the shift observed from opportunistic taxa and species associated with specific
microenvironments (e.g., Candidatus Methylomirabilis oxyfera, Pseudomonas sp., Thiobacillus sp.) at
t0, to oligotrophic and stress-tolerant groups (Acidobacteriota, Actinobacteriota, Gemmatimonadota)
from t1 onward, is consistent with microbial life history theory (Zhang et al. 2025; Bao et al. 2021).

A central outcome of this study is the contrasting behaviour of fungi and bacteria.

The increased representation of Trichoderma spp. and other potential biocontrol fungi in mid- to late-
stage clusters is consistent with the idea that fungal communities can respond rapidly to changes in
resource inputs, root exudation patterns and management, thereby modulating plant—soil feedbacks over

relatively short time scales. Several studies have shown that soil fungi are particularly sensitive and fast
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responders to shifts in agricultural practices and organic matter inputs, often exhibiting stronger or
earlier changes than bacterial communities following modifications in tillage, fertilisation or mulching
regimes (Zheng et al. 2018; Coller et al. 2021; Wipf et al. 2021; Zhang et al. 2024). Moreover,
experimental work on rhizosphere interactions has demonstrated that root exudates can rapidly attract
and stimulate specific fungal groups, including 7richoderma spp., and that these exudate-driven shifts
in fungal colonisation are associated with changes in plant defence activation and plant—soil feedback
strength over a single growing season (Lombardi et al. 2018; Dutta et al. 2023; Steinauer et al. 2023).
Together, these findings support our observation that fungal communities, and in particular biocontrol-
related taxa such as 7richoderma, can track short-term changes in resource supply and rhizosphere
conditions and thus act as dynamic modulators of plant—soil interactions.

In contrast, bacterial communities were dominated by a relatively stable oligotrophic core that persisted
across treatments and time once the initial transient phase had passed. This pattern is consistent with the
view that soil bacterial assemblages often contain a large fraction of slow-growing, oligotrophic taxa
(e.g. Acidobacteriota, many Actinobacteria) that form a persistent backbone of the microbiome and
support key ecosystem processes under a range of environmental conditions (Tecon and Or 2017;
Huusko et al. 2024; Jaeger et al. 2024). Such persistent cores are thought to exhibit a high degree of
functional redundancy and niche complementarity, whereby multiple bacterial taxa perform overlapping
roles in carbon and nutrient cycling, thereby buffering soil functions against species turnover and
environmental fluctuations (Yin et al. 2000; Shade et al. 2012; Miki et al. 2014; Sauma-Sanchez et al.
2024).

These differences underscore the complementary roles of fungi and bacteria in managed soils: fungi as
more plastic responders that track changes in plant inputs and management, and bacteria as a resilient
backbone that supports stable ecosystem processes. Recognising this complementarity is essential for
designing management strategies that aim to harness the microbiome for soil health and crop
productivity.

Because the present study is restricted to one greenhouse system, one crop species and a single period,
these fungal-bacterial behaviour should be interpreted as site-specific and hypothesis-generating rather
than universally generalisable. However, the information obtained provides a valuable baseline and
reference framework for subsequent studies. Future work across multiple sites, years and crop types will
be needed to assess how general these temporal trajectories and differences in plasticity between fungi

and bacteria are under contrasting soil, crop and climate conditions.

4.3 Added value of unsupervised machine learning for soil microbiome analysis

The unsupervised ML pipeline combining PCA, K-means clustering and t-SNE proved effective in
reducing the complexity of high-dimensional microbiome data, defining discrete microbial states and
visualising temporal trajectories that are not readily captured by conventional diversity metrics alone.
Dimensionality-reduction techniques, such as PCA, are widely used in microbiome research to

summarise major compositional gradients, while non-linear embeddings, such as t-SNE, can better
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reveal local neighbourhood structure and subtle transitions among communities. Recent reviews h ave
highlighted the growing use of such unsupervised methods, including PCA, K-means and t-SNE, as core
tools for exploratory analysis and feature extraction in microbiome and other omics datasets (Hernandez
Medina et al. 2022; Abavisani et al. 2024; Zhou and Zhao 2025). In line with these recommendations,
our combined use of these techniques allowed us to collapse hundreds of taxa into a small number of
ecologically interpretable axes, partition samples into recurrent microbial states associated with specific
temporal phases, and visualise non-linear trajectories from baseline to late-cycle communities. These
dynamics are not readily captured by conventional diversity metrics alone. Traditional a-diversity
indices (e.g. richness, Shannon) compress each community into a single value, so communities with
markedly different taxonomic and functional profiles can display similar diversity scores (Finotello et
al. 2018; Cassol et al. 2025). Likewise, standard B-diversity measures and their ordinations (e.g. Bray—
Curtis distances visualised by PCoA) summarise overall compositional dissimilarity but do not
explicitly identify recurrent community states or non-linear transitions over time, and their sensitivity
depends on the chosen metric and normalisation strategy (Lemos et al. 2011; Kers and Saccenti 2022;
Bars-Cortina 2022). Importantly, the ML-based clusters were ecologically interpretable: in fungi, they
aligned with successional stages from decomposer-dominated to rhizosphere-influenced communities;
in bacteria, they captured the progression from distinct baseline assemblies to a convergent core.

These observations are in line with recent reviews and applications showing that dimensionality
reduction and clustering algorithms are increasingly used to extract latent structure from microbiome
and other omics datasets, going beyond classic o/p-diversity summaries and providing a pattern-oriented
foundation for downstream predictive modelling (Zhou and Gallins 2019; Shi et al. 2022; Armstrong et
al. 2022; Abavisani et al. 2024).

5.Conclusions

By combining metagenomic amplicon sequencing of ITS and 16S rRNA genes with multivariate and
unsupervised machine learning analyses, this study clarified how soil fungal and bacterial communities
respond to time, crop presence and agronomic treatments in an intensively managed greenhouse system
for Valerianella locusta. Across both datasets, temporal dynamics and rhizosphere effects emerged as
the dominant drivers of community assembly, whereas the four treatments (C, C+O, M, M+0O) produced
only modest compositional shifts.

Fungal communities exhibited marked plasticity, transitioning from saprotroph-dominated assemblages
at baseline to communities enriched in antagonistic and plant-associated taxa at later stages. Bacterial
communities, in contrast, rapidly converged towards a stable oligotrophic core dominated by
Acidobacteriota, Actinobacteriota and other functionally redundant taxa, with only a brief transient
phase following crop establishment. These contrasting responses highlight the complementary roles of
fungi and bacteria in managed soils and the different degrees of stability and responsiveness they confer

to the system.
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The unsupervised ML analyses synthesised these patterns into a small number of recurrent microbial
“states” and temporal trajectories, offering an integrated view of microbiome dynamics that
complements conventional diversity metrics without replacing them.

From an applied perspective, our findings indicate that, in intensive greenhouse baby-leaf production,
strategies aimed at improving soil bio-sustainability should explicitly account for the strong and
recurrent imprint of time and crop presence on the microbiome. Numerous studies have shown that plant
development and rhizosphere processes can exert a stronger and more consistent influence on microbial
community structure than individual management interventions, especially in systems with
homogeneous inputs and short crop cycles (Schmidt et al. 2019; Wang et al. 2022; Zhao et al. 2019; Han
et al. 2025). In this context, the modest treatment effects observed here suggest that management
practices such as organic amendments and microbial inoculants may operate mainly by modulating
specific guilds within a robust temporal trajectory, rather than by reshaping the community as a whole.
Our results also support the idea that fungal and bacterial communities contribute differently to soil
functioning and respond with different degrees of plasticity and stability. Recent work has shown that
fungal networks often display higher structural stability or stronger biogeographical structuring than
bacterial networks, whereas bacteria can be more resilient and functionally redundant under
environmental change (de Vries et al. 2018; Gschwend et al. 2021; Li et al. 2024; Wu et al. 2025; Fu et
al. 2024). In our system, fungi behaved as more responsive levers of change, tracking shifts in resource
inputs and crop development, while bacteria converged towards a stable oligotrophic core. This suggests
that management strategies aiming to enhance soil bio-sustainability in greenhouse baby-leaf systems
may be more effective if they explicitly target fungal functions, for example by promoting beneficial
saprotrophic and antagonistic taxa, while preserving the stability of the bacterial backbone that
underpins key biogeochemical processes.

While the present work is exploratory and does not implement predictive models, the identification of
recurrent microbial states and their associated taxa represent a crucial step towards Al-assisted soil
health assessment (Woodman and Mangoni 2023; Xu et al. 2020). In future work, these states and their
discriminant taxa could be used as features in supervised ML models linking microbiome composition
to soil functions, crop performance or resilience to stress, thereby advancing the development of

predictive tools for bio-sustainable management.
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3.3 Supplementary materials

SUPPLEMENTARY MATERIAL - S1

Preliminary data cleaning and exploratory analysis were performed using Python (v3.11) as

described below:

pandas (v2.0.3) and numpy (v1.25.0) for data handling and transformation;
scikit-learn (v1.3.0) for dimensionality reduction and clustering;
scipy (v1.11.1) for statistical calculations;

matplotlib (v3.7.2) and seaborn (v0.12.2) for data visualization.

The analysis pipeline included:

Data Preprocessing:

Missing values (NaN) were replaced with zeros. Taxa with zero abundance across all
samples were excluded;

Taxonomic Aggregation and Cleaning:

Identical taxa were merged by summing their values across samples;

Replicate Aggregation and Normalization:

Biological replicates (n=3) were averaged. Total Sum Scaling (TSS) was applied to obtain
relative abundances;

Filtering by Abundance:

Taxon with relative abundance > 0.5% in at least one sample were retained;

Ordination and Clustering:

Heatmaps were generated with hierarchical clustering based on Bray-Curtis dissimilarity.
PCA was performed for ordination and dimensionality reduction;

Advanced Pattern Detection:

K-means clustering was applied to identify sample groupings. The optimal number of
clusters was first estimated using the silhouette score, and subsequently refined by
considering their biological interpretability;

Cluster-level taxonomic signatures:

To characterise the taxa associated with each of the three K-means clusters, we combined
the cluster assignments with the taxon relative-abundance tables. For each dataset (ITS and
16S), we calculated the mean relative abundance of each taxon within each cluster and used
these values to identify the taxa that were most abundant and characteristic of a given
cluster.

Finally, t-SNE was employed for nonlinear dimensionality reduction and visual exploration

of treatment-specific patterns.
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SUPPLEMENTARY MATERIAL - S2

Cluster-level taxonomic signatures
Microorganisms Cluster 1 Cluster 2 Cluster 3
Actinomucor elegans 0 0,00590626 0,016949153
Actinomucor elegans var. 0,001179245 | 0 0
kuwaitensis
Ascomycota 0,009283036 | 0,003734107 | 0
Aureobasidium pullulans 0 0,000781746 | 0
Basidiomycota 0 0,005329599 | 0
Bolbitiaceae 0 0,006909918 | 0
Botryotrichum atrogriseum 0 0,000470905 | 0
Cladosporiaceae 0,010786071 | 0 0
Cladosporium halotolerans 0 0,001462079 | 0
Cladosporium sp. 0,038778297 | 0,001402539 | 0
Conocybe ceracea 0 0,001092732 | 0
Conocybe dunensis 0 0,011570276 | 0
Conocybe fuscimarginata 0 0,001211699 | 0
Conocybe incarnata 0 0,002813267 | 0
Conocybe sp. 0 0,004561471 | 0
Coprinellus radians 0 0,002764865 | 0
Coprinellus verrucispermus 0 0 0,031548541
Didymella sp. 0,004551071 | 0 0
Epicoccum brasiliense 0,004514645 | 0 0
Epicoccum endophyticum 0,090525931 | 0 0
Epicoccum nigrum 0,082116321 | 0O 0,013317191
Epicoccum phragmospora 0,044785498 | 0 0
Epicoccum sp. 0,087522132 | 0 0
Hypocreaceae 0,01621748 0,070145852 | 0
Linnemannia amoeboidea 0,00166762 0,008864913 | 0
Linnemannia elongata 0 0 0,043377847
Linnemannia exigua 0 0,000555179 | 0,016620499
Linnemannia gamsii 0 0,002756488 | 0,015697138
Mortierella alpina 0 0 0,366792315
Mortierella globalpina 0,001429388 | 0,002786048 | 0
Mortierella lapis 0,001905851 | 0,012597342 | O
Mortierella sp. 0 0,023903397 | 0

67




Mortierellaceae

Mrakia sp.

Nectriaceae
Neodidymelliopsis sp.
Nothophoma acaciae
Nothophoma sp.
Paraconiothyrium brasiliense
Paramacroventuria ribis
Paramacroventuria sp.
Pezizales

Plectosphaerella cucumerina
Podila minutissima
Preussia flanaganii
Pseudeurotium bakeri
Pseudeurotium hygrophilum
Pseudeurotium sp.
Pyrenochaetopsis decipiens
Rhizopus arrhizus
Saccharomyces cerevisiae
Sporormiaceae
Trichoderma asperellum
Trichoderma atroviride
Trichoderma austrokoningii
Trichoderma caribbaeum
Trichoderma dorotheae
Trichoderma gamsii
Trichoderma koningiopsis
Trichoderma neokoningii
Trichoderma ochroleucum
Trichoderma paucisporum
Trichoderma scalesiae
Trichoderma sp.
Trichoderma viride
Unclassified Fungi
Vacuiphoma ferulae

Westerdykella globosa

0
0,025600581
0
0,004532852
0,007434235
0,00414891
0
0,018236516
0,088597967
0

0

0

0
0,005975457
0

0

0

0
0,001155422
0

0
0,024844071
0
0,008751894
0,0030677
0,017052491
0,005861405
0,036887054
0,015960389
0
0,004283007
0,202682555
0,037908075
0,083395715
0,008361119
0

0,001390809
0
0,007751628
0

o o O o O

0,002174662
0,002776576
0

0

0
0,004093781
0,000831737
0
0,000822043
0,000976304
0,002549321
0,00658254
0,021524598
0,002537781
0

0

0
0,024630221
0
0,066938092
0,000685119
0
0,209919325
0,155970037
0,316224746
0

0

,07180753

S| O O O O o o o o o

0
0,055936004
0,025608177
0,219680557
0,034780305
0

0,018159806
0,012003693
0

S| O O O O O O o O o o o o o o o o

,057721243
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ITS Cluster 1 taxa

100% Hypocreaceae
Trichoderma gamsii

90%
Paramacroventuria ribis
80% W Trichoderma atroviride
70% u Mrakia sp.
60% W Trichoderma neokoningii
Trichoderma viride
50% Cladosporium sp.
40% Epicoccum phragmospora
30% B Epicoccum nigrum
B Unclassified Fungi
20% B Epicoccum sp.
10% B Paramacroventuria sp.
0% Epicoccum endophyticum
Cluster 1 m Trichoderma sp.
. Cluster 1 (C, C+O at t2 and M at t5) was characterized by a strong prevalence of Trichoderma

spp. (including T viride, T. neokoningii, T. atroviride, and T. gamsii) together with several species of
Epicoccum and Paramacroventuria. This cluster is characterized by a dual structure: beneficial fungi
(Trichoderma spp., Epicoccum spp.) co-occur with the phytopathogen Paramacroventuria sp. at high
levels. Minor taxa such as Cladosporium spp., Linnemannia amoeboidea and Mortierella spp. are
present but not dominant. This suggests a transitional or stressed community, where beneficial fungi
and pathogens compete strongly. This may represent dynamic equilibrium under biotic stress, with

potential implications for disease suppression vs. pathogen establishment.
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ITS Cluster 2 taxa

100% Actinomucor elegans
00% (— Trichoderma asperellum
Bolbitiaceae
80% W Nectriaceae
70% M Linnemannia amoeboidea
60% B Conocybe dunensis
Mortierella lapis
50% Trichoderma atroviride
40% B Mortierella sp.
B Trichoderma koningiopsis
30% W Trichoderma ochroleucum
20% B Hypocreaceae
10% W Trichoderma viride
Trichoderma sp.
0% W Unclassified Fungi
Cluster 2
. Cluster 2 (which includes most samples from time points t1—t4) was overwhelmingly

dominated by Trichoderma spp. (>45%), including 7. viride, T. ochroleucum, T. koningiopsis, T.
atroviride, and T. asperellum. It was further characterized by a high proportion of unclassified fungi
and the co-occurrence of fast-growing saprophytes such as Mortierella spp., Linnemannia
amoeboidea, and Actinomucor elegans. This assemblage suggests a transitional stage in which
antagonistic taxa coexist with opportunistic decomposers, likely reflecting shifts in resource
availability or disturbance. The additional presence of saprophytic basidiomycetes (e.g., Bolbitiaceae,
Conocybe spp., and Coprinellus spp.) points to active decomposition processes. Functionally, this
profile aligns with rhizosphere or management conditions that promote biocontrol-oriented guilds,
such as fertilization or microbial inoculation, while still sustaining a background of saprotrophic

fungi.
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ITS Cluster 3 taxa

100% Rhizopus arrhizus
00% I Ef)icoccum f)igrum )
Linnemannia gamsii
80% ® Linnemannia exigua
70% B Actinomucor elegans
60% B Pyrenochaetopsis decipiens
° Preussia flanaganii
50% W Coprinellus verrucispermus
40% W Pseudeurotium hygrophilum
M Linnemannia elongata
0,
30% B Podila minutissima
20% B Westerdykella globosa
10% Paraconiothyrium brasiliense
W Pseudeurotium bakeri
0% W Mortierella alpina
Cluster 3
. Cluster 3 was clearly distinct (all samples at t0), dominated by Mortierella alpina and

Pseudeurotium bakeri, alongside other saprophytic fungi (Coprinellus verrucispermus, Linnemannia
spp., Paraconiothyrium brasiliense, Podila minutissima, Westerdykella globosa), pointing to a
community strongly oriented towards organic matter decomposition and nutrient turnover. This may
reflect a decomposer-driven cluster, suggesting an environment rich in organic residues and

undergoing active carbon turnover and nutrient mineralization.

71




SUPPLEMENTARY MATERIAL - S3

Cluster-level taxonomic signatures

microorganisms Cluster 1 Cluster 2 Cluster 3
Aciditerrimonas ferrireducens 0 0,002133474 | 0

JCM 15389

Antarcticibacterium flavum 0,024353599 | 0 0
Arenimicrobium luteum 0 0,018917546 0

Bacillus badius 0 0 0,036363636
Bacillus sp. 0,098676659 | 0 0

Brevitalea deliciosa 0 0,018233334 0

Brevitalea sp. 0 0,002701503 0

Candidatus Methylomirabilis 0 0,02603526 0,177777778
oxyfera

Candidatus Udaeobacter copiosus | 0 0,006560066 | 0
Chujaibacter soli 0,027794085 | 0 0
Cognatiluteimonas lumbrici 0,020006277 | 0 0
Cytobacillus spp. 0,017771601 | 0 0

Gaiella occulta 0,07262389 0,106721181 | 0,048484848
Gemmatimonas aurantiaca T-27 0 0,028595058 0
Gemmatimonas phototrophica 0,017007006 | 0,026895734 | 0
Gemmatirosa kalamazoonensis 0,030084012 | 0,035964557 0
Geoalkalibacter ferrihydriticus 0 0,000907153 0
Limisphaera ngatamarikiensis 0 0,003057825 0
Longimicrobium terrae 0,041452627 | 0,032345426 0

Luteitalea pratensis 0,078557682 | 0,121499078 | 0,072727273
Mesobacillus subterraneus 0,007024996 | 0 0
Neobacillus cucumis 0,02003269 0 0
Neobacillus niacini 0 0 0,034343434
Nitrosospira multiformis 0 0,001609982 0
Nocardioides sp. 0,016355057 | 0 0

Nordella oligomobilis 0 0,022529959 | 0

Nordella sp. 0 0,04412057 0
Noviluteimonas caseinilytica 0 0,02185564 0
Novilysobacter spongiicola 0,016142384 | 0 0
Ohtaekwangia koreensis 0 0,006594398 0
Peribacillus asahii 0 0 0,094949495
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Povalibacter uvarum
Priestia aryabhattai
Priestia aryabhattai BSW22
Priestia megaterium
Priestia sp.

Pseudomonas fluorescens
Pseudomonas putida
Pseudomonas sp.
Pseudomonas umsongensis
Rhabdothermincola sediminis
Roseisolibacter agri
Rossellomorea marisflavi
Salinimicrobium soli
Sphingomonas sediminicola
Sphingomonas sp.
Stenotrophobacter terrae
Tepidisphaera mucosa
Thermoanaerobaculum aquaticum
Thiobacillus denitrificans
Thiobacillus sp.
Thiobacillus thioparus
Thiobacillus thiophilus
Thiobacter subterraneus
Tumebacillus ginsengisoli
Vicinamibacter silvestris
Vicinamibacter sp.

Vreelandella sp.

0
0,05614783
0,081034186
0,051329887
0,018153031
0

0

0

0

0
0,017954807
0,008827376
0,047358045
0
0,030540284
0

o O O O o o

0
0,008291129
0,183788805
0
0,008692053

0,012555066
0
0
0
0
0
0

0,001252208
0
0,020382897
0,023448848
0

0
0,001212313
0,021754013
0
0,020105097
0,002178897
0,001498178
0,007582528
0,04718986
0,010568425
0,019072218
0
0,277194615
0,006727093
0

0
0
0
0
0
0,050505051
0,088888889
0

0,034343434
0

,042424242

044444444

,109090909

,165656566

O O O O O O O O o O o o o o o o o
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100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Firmicutes/Bacillaceae (Bacillus sp., Priestia aryabhattai, P. megaterium, Neobacillus cucumis)
and versatile/tolerant taxa (Salinimicrobium soli, Longimicrobium terrae, Sphingomonas sp.,
Gemmatirosa kalamazoonensis). This profile is consistent with more aerated conditions and
moderate organic inputs: spore-formers suggest disturbance/drying cycles and persistence capacity;
Sphingomonas points to the degradation of complex/aromatic compounds. The presence of

Salinimicrobium also indicates neutral to alkaline soils with moderate osmotic stress.

16S Cluster 1 taxa

Cluster 1

Cognatiluteimonas lumbrici
Neobacillus cucumis
Antarcticibacterium flavum

W Chujaibacter soli

W Gemmatirosa kalamazoonensis

B Sphingomonas sp.
Longimicrobium terrae
Salinimicrobium soli
Priestia megaterium

B Priestia aryabhattai

W Gaiella occulta

W Luteitalea pratensis

W Priestia aryabhattai BEBW22
Bacillus sp.

W Vicinamibacter silvestris

Cluster 1 (t1 samples) in addition to the core taxa, shows a strong enrichment of
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16S Cluster 2 taxa

100% Rhabdothermincola sediminis

90% _ Sphingomonas sp.
Noviluteimonas caseinilytica

80% B Nordella oligomobilis
70% M Roseisolibacter agri
60% B Candidatus Methylomirabilis oxyfera
° Gemmatimonas phototrophica
50% Gemmatimonas aurantiaca T-27
40% B Longimicrobium terrae
B Gemmatirosa kalamazoonensis
30% ® Nordella sp.
W Thiobacillus thioparus
20% W Gaiella occulta
10% Luteitalea pratensis
0% W Vicinamibacter silvestris
Cluster 2
. Cluster 2 (M and M+O t0 e all samples from t2 to t5), alongside the shared core, includes

Thiobacillus  thioparus  (thiosulfate/sulfur oxidation), members of Gemmatimonadota
(Gemmatirosa kalamazoonensis, Gemmatimonas phototrophica, G. aurantiaca), Nordella spp.,
Roseisolibacter agri, Noviluteimonas caseinilytica, Rhabdothermincola sediminis, and
Sphingomonas. Altogether, these indicate micro-niches with reduced sulfur compounds and the
presence of Gemmatimonadota, often linked to drier/oxidized soils. Cluster 2 therefore appears
intermediate/transitional: it maintains an oligotrophic backbone but integrates chemolithotrophs and

taxa typically enriched under dry conditions or fluctuating moisture regimes.
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16S Cluster 3 taxa

100% Pseudomonas umsongensis

90%  Neobacillus niacini

80% M Bacillus badius

709 W Stenotrophobacter terrae

° Thiobacillus denitrificans

60% W Gaiella occulta

50% 1 Pseudomonas fluorescens

40% M Luteitalea pratensis
B Pseudomonas putida

0,

30% W Peribacillus asahii

20% Thiobacillus thioparus

10% m Vicinamibacter silvestris
B Candidatus Methylomirabilis oxyfera

0%
Cluster 3
. Cluster 3 (C and C+O t0) is the most distinctive cluster: it is dominated by Candidatus

Methylomirabilis oxyfera (linked to nitrite and methane in anoxic microenvironments), together
with Thiobacillus thioparus and T. denitrificans. Opportunistic/PGPR such as Pseudomonas putida,
P. fluorescens, P. umsongensis, and Peribacillus asahii are also abundant. This profile is consistent
with higher soil moisture and micro-anoxia, availability of reactive nitrogen, and labile carbon

inputs (organic residues).
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Supplementary material S4 (Table S4)

ITS dataset Mt0- | Ct0- | M+O C+0 M+0 C+0 M+0 C+0 M+0 C+0 M+0 C+0
(microorganisms) | M+0t0 |c+ow0| a | MU | g | €0 | [ M2 " | C2 1 e | MB | g | €8 |y | M | CH g | MBS g | €6
Actinomucor
elegans 0,0000 | 0,0339 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0125 | 0,0079 | 0,0000 | 0,0000 | 0,0000 | 0,0372 | 0,0000 | 0,0000 | 0,0136 | 0,0000 | 0,0000 | 0,0116 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Actinomucor
elegans var.
kuwaitensis 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0071 | 0,0000 | 0,0000
Ascomycota 0,0000 | 0,0000 | 0,0065 | 0,0000 | 0,0000 | 0,0112 | 0,0086 | 0,0102 | 0,0210 | 0,0268 | 0,0000 | 0,0000 | 0,0092 | 0,0000 | 0,0000 | 0,0066 | 0,0000 | 0,0000 | 0,0078 | 0,0000 | 0,0000 | 0,0000
Aureobasidium
pullulans 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0109 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Basidiomycota 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0079 | 0,0113 | 0,0000 | 0,0000 | 0,0110 | 0,0220 | 0,0088 | 0,0000 | 0,0066 | 0,0071 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Bolbitiaceae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0656 | 0,0000 | 0,0311 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Botryotrichum
atrogriseum 0,0000 | 0,0000 | 0,0066 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Cladosporiaceae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0217 | 0,0282 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0148 | 0,0000 | 0,0000 | 0,0000
Cladosporium
halotolerans 0,0000 | 0,0000 | 0,0126 | 0,0000 | 0,0078 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Cladosporium sp. 0,0000 | 0,0000 | 0,0124 | 0,0000 | 0,0073 | 0,0000 | 0,0000 | 0,0000 | 0,0631 | 0,0948 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0566 | 0,0106 | 0,0000 | 0,0076
Conocybe ceracea 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0153 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Conocybe dunensis | 0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,1175 | 0,0000 | 0,0445 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Conocybe
fuscimarginata 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0170 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Conocybe
incarnata 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0286 | 0,0000 | 0,0108 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Conocybe sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0507 | 0,0000 | 0,0132 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Coprinellus
radians 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0191 | 0,0000 | 0,0000 | 0,0000 | 0,0087 | 0,0000 | 0,0000 | 0,0109 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Coprinellus
verrucispermus 0,0268 | 0,0363 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Didymella sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0121 | 0,0089 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0063 | 0,0000 | 0,0000 | 0,0000
Epicoccum
brasiliense 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0075 | 0,0126 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0070 | 0,0000 | 0,0000 | 0,0000
Epicoccum
endophyticum 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0804 | 0,2196 | 0,1085 | 0,1347
Epicoccum nigrum 0,0000 | 0,0266 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,1761 | 0,2066 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,1100 | 0,0000 | 0,0000 | 0,0000
Epicoccum
phragmospora 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0474 | 0,1265 | 0,0489 | 0,0459
Epicoccum sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0117 | 0,0097 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0785 | 0,1930 | 0,0992 | 0,1330
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Hypocreaceae

0,0000 | 0,0000 | 0,0761 | 0,0744 | 0,0805 | 0,0749 | 0,0662 | 0,0636 | 0,0425 | 0,0327 | 0,0427 | 0,0495 | 0,0522 | 0,0817 | 0,0798 | 0,0811 | 0,0864 | 0,0730 | 0,0221 | 0,0000 | 0,0000 | 0,0000
Linnemannia
amoeboidea 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0077 | 0,0105 | 0,0000 | 0,0000 | 0,0186 | 0,0347 | 0,0327 | 0,0082 | 0,0117 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0100 | 0,0000 | 0,0000
Linnemannia
elongata 0,0480 | 0,0387 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Linnemannia
exigua 0,0332 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0078 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Linnemannia
gamsii 0,0314 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0150 | 0,0144 | 0,0092 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Mortierella alpina 0,4866 | 0,2470 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Mortierella
globalpina 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0114 |0,0159 | 0,0116 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0086 | 0,0000 | 0,0000
Mortierella lapis 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0085 | 0,0112 | 0,0000 | 0,0000 | 0,0313 | 0,0501 | 0,0418|0,0113 | 0,0142 | 0,0000 | 0,0000 | 0,0080 | 0,0000 | 0,0114 | 0,0000 | 0,0000
Mortierella sp. 0,0000 | 0,0000 | 0,0000 | 0,0066 | 0,0086 | 0,0080 | 0,0189 | 0,0339 | 0,0000 | 0,0000 | 0,0617 | 0,0715 | 0,0552 | 0,0116 | 0,0186 | 0,0155 | 0,0000 | 0,0245 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Mortierellaceae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0070 | 0,0000 | 0,0000 | 0,0000 | 0,0125 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Mrakia sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0479 | 0,0716 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0341 | 0,0000 | 0,0000 | 0,0000
Nectriaceae 0,0000 | 0,0000 | 0,0000 | 0,0071 | 0,0000 | 0,0157 | 0,0085 | 0,0078 | 0,0000 | 0,0000 | 0,0141 |0,0182 | 0,0144 | 0,0000 | 0,0074 | 0,0000 | 0,0000 | 0,0154 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Neodidymelliopsis
sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0111 | 0,0074 | 0,0088
Nothophoma
acaciae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0076 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0108 | 0,0108 | 0,0065 | 0,0089
Nothophoma sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0085 | 0,0093 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0071 | 0,0000 | 0,0000 | 0,0000
Paraconiothyrium
brasiliense 0,0637 | 0,0799 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Paramacroventuria
ribis 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0291 | 0,0459 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0345 | 0,0000 | 0,0000 | 0,0000
Paramacroventuria
sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0266 | 0,0337 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0922 | 0,1902 | 0,0856 | 0,1033
Pezizales 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0107 | 0,0000 | 0,0000 | 0,0000 | 0,0080 | 0,0000 | 0,0118 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Plectosphaerella
cucumerina 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0205 | 0,0118 | 0,0000 | 0,0000 | 0,0066 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Podila minutissima | 795 | 0.0823 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 00000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Preussia flanaganii 0,0222 | 0,0291 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Pseudeurotium
bakeri 0,1754 | 0,2639 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0126 | 0,0103 | 0,0129
Pseudeurotium
hygrophilum 0,0332 | 0,0363 | 0,0000 | 0,0000 | 0,0000 | 0,0123 | 0,0067 | 0,0075 | 0,0000 | 0,0000 | 0,0101 | 0,0098 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0109 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Pseudeurotium sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0116 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Pyrenochaetopsis
decipiens 0,0000 | 0,0363 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000

78




Rhizopus arrhizus

0,0240 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0115 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Saccharomyces
cerevisiae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0137 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0069 | 0,0000 | 0,0000
Sporormiaceae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0075 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0076 | 0,0105 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0100 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Trichoderma
asperellum 0,0000 | 0,0000 | 0,0107 | 0,0098 | 0,0087 | 0,0097 | 0,0089 | 0,0077 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0089 | 0,0089 | 0,0091 | 0,0097 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Trichoderma
atroviride 0,0000 | 0,0000 | 0,0214 | 0,0234 | 0,0192 | 0,0326 | 0,0276 | 0,0309 | 0,0120 | 0,0000 | 0,0095 | 0,0122 | 0,0093 | 0,0218 | 0,0157 | 0,0333 | 0,0291 | 0,0154 | 0,0167 | 0,0139 | 0,0550 | 0,0515
Trichoderma
austrokoningii 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0093 | 0,0153 | 0,0110 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Trichoderma
caribbaeum 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0089 | 0,0221 | 0,0215
Trichoderma
dorotheae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0089 | 0,0095
Trichoderma
gamsii 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0213 | 0,0084 | 0,0464 | 0,0262
Trichoderma
koningiopsis 0,0000 | 0,0000 | 0,0261 | 0,0291 | 0,0254 | 0,0259 | 0,0194 | 0,0204 | 0,0163 | 0,0110 | 0,0157 | 0,0208 | 0,0189 | 0,0281 | 0,0245 | 0,0317 | 0,0353 | 0,0235 | 0,0078 | 0,0000 | 0,0000 | 0,0000
Trichoderma
neokoningii 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0168 | 0,0256 | 0,0969 | 0,0821
Trichoderma
ochroleucum 0,0000 | 0,0000 | 0,0774 | 0,0778 | 0,0751 | 0,0710 | 0,0657 | 0,0666 | 0,0445 | 0,0299 | 0,0345 | 0,0428 | 0,0499 | 0,0736 | 0,0771 | 0,0740 | 0,0748 | 0,0768 | 0,0214 | 0,0000 | 0,0000 | 0,0000
Trichoderma
paucisporum 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0096 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Trichoderma
scalesiae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0138 | 0,0119
Trichoderma sp. 0,0000 | 0,0000 | 0,2303 | 0,2403 | 0,2397 | 0,2488 | 0,2469 | 0,2443 | 0,1301 | 0,1036 | 0,1038 | 0,1156 | 0,1555 | 0,2298 | 0,2093 | 0,2192 | 0,2413 | 0,2138 | 0,1248 | 0,1249 | 0,3905 | 0,3422
Trichoderma viride | 4 5000 | 0,0000 | 0.1855 | 0,1863 | 0,1799 | 0,1706 | 0,1563 | 0,1625 | 0,1026 | 0,0685 | 0,0799 | 0,1022 | 0,1014 | 0,1745 | 0,1698 | 0,1720 | 0,1779 | 0,1648 | 0,0564 | 0.0000 | 0,0000 | 0,0000
Unclassified Fungi | 0000 | 0,0000 | 0,3344 | 0,3451 | 0,3342 | 0,3002 | 0,2999 | 0,2968 | 0,2128 | 0,1764 | 0,2047 |0,3127 | 0,2861 | 0,3395 | 0,3429 | 0,3330 | 0,3455 | 03522 | 0,111 |0,0000 | 0,0000 | 0,0000
Vacuiphoma
ferulae 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0139 | 0,0222 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0141 | 0,0000 | 0,0000 | 0,0000
Westerdykella
globosa 0,0259 | 0,0896 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
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Supplementary material S5 (Table S5)

16S dataset M t0 - Cto- | M+O C+O M+O C+0 M+O C+0 M+O C+0 M+O C+0O
(microorganisms) | M+0t0 | c+tOot0 | tu | MO | g | CH | | M2 pm 1 €2 g | M8 mgm | €8 1y | M | € g | MBS g €8
Aciditerrimonas
ferrireducens JCM
15389 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0194 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0190 | 0,0000
Antarcticibacterium
Savum 0,0000 | 0,0000 | 0,0593 | 0,0381 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Arenimicrobium
luteum 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0313 | 0,0348 | 0,0000 | 0,0226 | 0,0279 | 0,0211 | 0,0000 | 0,0000 | 0,0385 | 0,0427 | 0,0224 | 0,0000 | 0,0297 | 0,0201 | 0,0207 | 0,0288
Bacillus badius 0,0000 | 0,0364 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Bacillus sp. 0,0000 | 0,0000 | 0,1048 | 0,0828 | 0,1001 | 0,1070 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Brevitalea deliciosa 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0327 | 0,0352 | 0,0000 | 0,0201 | 0,0269 | 0,0248 | 0,0000 | 0,0000 | 0,0362 | 0,0442 | 0,0196 | 0,0000 | 0,0268 | 0,0202 | 0,0190 | 0,0226
Brevitalea sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0241 | 0,0245 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Candidatus
Methylomirabilis
oxyfera 0,2343| 0,1778 10,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Candidatus
Udaeobacter copiosus 0,0590 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Chujaibacter soli 0,0000 | 0,0000 | 0,0000 | 0,0352 | 0,0322 | 0,0438 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Cognatiluteimonas
lumbrici 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0345 | 0,0456 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Cytobacillus spp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0384 | 0,0327 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Gaiella occulta 0,1144| 0,0485]0,0778 | 0,0840 | 0,0702 | 0,0584 | 0,0935 | 0,0944 | 0,1008 | 0,1080 | 0,1148 | 0,1222 10,1176 | 0,1331 | 0,0923 | 0,1074 | 0,0927 | 0,1550 | 0,1025 | 0,0816 | 0,0889 | 0,0874
Gemmatimonas
aurantiaca T-27 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0342 | 0,0405 | 0,0328 | 0,0315 | 0,0341 | 0,0370 | 0,0271 ] 0,0316 | 0,0371 | 0,0396 | 0,0195 | 0,0345 | 0,0254 | 0,0220 | 0,0287 | 0,0389
Gemmatimonas
phototrophica 0,0000 | 0,0000 | 0,0000 | 0,0364 | 0,0000 | 0,0316 ] 0,0342 | 0,0375 | 0,0380 | 0,0326 | 0,0297 | 0,0315 | 0,0282 | 0,0308 | 0,0390 | 0,0372 | 0,0193 | 0,0292 | 0,0214 | 0,0220 | 0,0230 | 0,0306
Gemmatirosa
kalamazoonensis 0,0000 | 0,0000 | 0,0469 | 0,0397 | 0,0337 | 0,0000 | 0,0441 | 0,0482 | 0,0336 | 0,0382 | 0,0421 | 0,0484 | 0,0423 | 0,0531 | 0,0399 | 0,0442 | 0,0274 | 0,0402 | 0,0318 | 0,0337 | 0,0339 | 0,0463
Geoalkalibacter
Jerrihydriticus 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0163 | 0,0000 | 0,0000 | 0,0000
Limisphaera
ngatamarikiensis 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0269 | 0,0281 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Longimicrobium terrae | 0,0000 | 0,0000 | 0,0604 | 0,0344 | 0,0340 | 0,0371 | 0,0389 | 0,0492 | 0,0483 | 0,0358 | 0,0366 | 0,0343 | 0,0390 | 0,0380 | 0,0320 | 0,0324 | 0,0207 | 0,0366 | 0,0271 | 0,0363 | 0,0339 | 0,0434
Luteitalea pratensis 0,1144| 0,0727(0,1000 | 0,1018 | 0,0601 | 0,0523]0,1376 | 0,1422 | 0,0747 | 0,1104 | 0,1576 | 0,1398 | 0,1210 | 0,1201 | 0,1535 | 0,1477 | 0,0960 | 0,1121 [ 0,1143 | 0,1099 | 0,0992 | 0,1223
Mesobacillus
subterraneus 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0281 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Neobacillus cucumis 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0400 | 0,0401 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Neobacillus niacini 0,0000 | 0,0343 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
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Nitrosospira

multiformis 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0290 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Nocardioides sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0371 | 0,0283 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Nordella oligomobilis 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,1070 | 0,0448 | 0,0448 | 0,0857 | 0,0821 | 0,0411
Nordella sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,2284 | 0,0931 | 0,0899 | 0,1567 | 0,1492 | 0,0768
Noviluteimonas
caseinilytica 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0451 | 0,0443 | 0,0332 | 0,0348 | 0,0359 | 0,0410 | 0,0247 | 0,0329 | 0,0000 | 0,0000 | 0,0000 | 0,0241 | 0,0244 | 0,0294 | 0,0237 | 0,0000
Novilysobacter
spongiicola 0,0000 | 0,0000 | 0,0000 | 0,0646 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Ohtaekwangia
koreensisg 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0228 | 0,0000 | 0,0000 | 0,0197 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0297 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0228 | 0,0238
Peribacillus asahii 0,0000 | 0,0949 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Povalibacter uvarum 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0252 | 0,0224 | 0,0237 | 0,0000 | 0,0260 | 0,0254 | 0,0169 | 0,0000 | 0,0171 | 0,0230 | 0,0261 | 0,0201
Priestia aryabhattai 0,0000 | 0,0000 | 0,0585 | 0,0447 | 0,0573 | 0,0641 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Priestia aryabhattai
Bsw22 0,0000 | 10,0000 | 0,0728 | 0,0621 | 0,0964 | 0,0929 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Priestia megaterium 0,0000 | 0,0000 | 0,0491 | 0,0439 | 0,0546 | 0,0578 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Priestia sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0384 | 0,0342 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Pseudomonas
fluorescens 0,0000 | 0,0505 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Pseudomonas putida 0,0000 | 0,0889 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Pseudomonas sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0225 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Pseudomonas
umsongensis 0,0000 | 0,0343 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Rhabdothermincola
sediminis 0,0000 [ 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0228 | 0,0273 | 0,0312 | 0,0281 | 0,0231 | 0,0248 | 0,0290 | 0,0300 | 0,0000 | 0,0000 | 0,0203 | 0,0355 | 0,0231 | 0,0252 | 0,0259 | 0,0206
Roseisolibacter agri 0,0000 | 0,0000 | 0,0000 | 0,0389 | 0,0000 | 0,0329 | 0,0356 | 0,0359 | 0,0280 | 0,0273 | 0,0321 | 0,0345 | 0,0284 | 0,0340 | 0,0357 | 0,0357 | 0,0000 | 0,0281 | 0,0180 | 0,0000 | 0,0209 | 0,0279
Rossellomorea
marisflavi 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0353 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Salinimicrobium soli 0,0000 | 0,0000 | 0,0643 | 0,0501 | 0,0286 | 0,0464 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Sphingomonas
sediminicola 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0218 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Sphingomonas sp. 0,0000 | 0,0000 | 0,0522 | 0,0000 | 0,0351 | 0,0349 | 0,0351 | 0,0306 | 0,0421 | 0,0383 | 0,0293 | 0,0310 | 0,0341 | 0,0473 | 0,0329 | 0,0266 | 0,0000 | 0,0260 | 0,0182 | 0,0000 | 0,0000 | 0,0000
Stenotrophobacter
terrae 0,0000 | 10,0424 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Tepidisphaera mucosa 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0299 | 0,0273 | 0,0239 | 0,0235 | 0,0328 | 0,0345 | 0,0243 | 0,0321 | 0,0413 | 0,0424 | 0,0000 | 0,0298 | 0,0000 | 0,0000 | 0,0000 | 0,0201
Thermoanaerobaculum
aquaticum 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0186 | 0,0206 | 0,0000 | 0,0000
Thiobacillus
denitrificans 0,0000 | 0,0444 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0270 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Thiobacillus sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0479 | 0,0302 | 0,0000 | 0,0000 | 0,0233 | 0,0351 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
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Thiobacillus thioparus 0,1568 | 0,1091 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,1594 | 0,1026 | 0,0000 | 0,0000 | 0,0804 | 0,0839 | 0,0000 | 0,0000 | 0,0211 | 0,0319 | 0,0000 | 0,0000 | 0,0218 | 0,0348
Thiobacillus thiophilus |  (0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0704 | 0,0484 | 0,0000 | 0,0000 | 0,0318 | 0,0396 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Thiobacter
subterraneus 0,0000 | 00,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0313 | 0,0224 | 0,0000 | 0,0000 | 0,0266 | 0,0227 | 0,0286 | 0,0000 | 0,0283 | 0,0297 | 0,0177 | 0,0231 | 0,0252 | 0,0336 | 0,0243 | 0,0300
Tumebacillus
ginsengisoli 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0332 ] 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
Vicinamibacter
silvestris 0,3210| 0,1657]0,2539 | 0,2086 | 0,1480 ] 0,1247 | 0,3093 | 0,3092 | 0,1572 | 0,2479 | 0,3041 | 0,2914 | 0,2738 | 0,2584 | 0,2866 | 0,2923 | 0,2534 | 0,2559 | 0,3066 | 0,2800 | 0,2366 | 0,2845
Vicinamibacter sp. 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 [ 0,0210 | 0,0000 | 0,0000 | 0,0214 | 0,0194 | 0,0228 | 0,0000 | 0,0000 | 0,0000 | 0,0177 | 0,0000 | 0,0188 | 0,0000 | 0,0000 | 0,0000
Vieelandella sp. 0,0000 | 0,0000 | 0,0000 | 0,0348 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000 | 0,0000
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Chapter 4 — Predicting soil temperature from soil microbial community

profiles with a Feed-Forward Artificial Neural Network

4.1 Introduction

Ecologically, soil temperature is a key driver of microbial activity, nutrient cycling, and community
turnover (Wang et al. 2021; Qu et al. 2023). Because microbial communities can react to abiotic
gradients in non-linear, interaction-rich ways (Yu et al. 2025), prediction models are a useful addition to
simple correlations: it lets us quantify the temperature signal in the microbiome, while controlling for
temporal structure and minimizing treatment confounding.

As demonstrated in Chapter 3, the treatments did not yield the expected treatment-specific trajectories
in microbiome composition across time; instead, temporal dynamics predominated as the main source
of community variation. Building on this result, Chapter 4 investigates the relationship between soil
temperature and microbial community composition by pooling treatments within each sampling time
and focusing on within-time variability across replicates. Specifically, an ANN was implemented to
predict temperature from soil microbiome profiles, allowing for potentially nonlinear responses to
environmental gradients without imposing treatment-specific effects, that were not supported by prior
analyses.

Methodologically, the approach addresses the challenges of sparse, compositional, and collinear
abundance data through careful pre-processing and supervised learning with nonlinear function
approximation. Model design prioritizes generalization and interpretability, with rigorous cross-
validation and complementary error metrics to quantify predictive accuracy. The objectives are
threefold: (i) assess the feasibility of temperature prediction from microbial profiles; (ii) compare
performance against simple baselines to establish added value; and (iii) probe model behaviour to
identify taxa and community patterns most informative for prediction. By reframing microbial data as a
proxy for latent environmental states, this work illustrates how Al, and in particular a feed-forward
ANN, can deepen our understanding of soil microbiome—environment coupling and open avenues for

microbially informed monitoring in agrifood systems.

4.2 Materials and methods

A complete end-to-end pipeline was implemented to (i) map absolute soil temperature to each sample,
(i1) convert microbiome abundances to CLR space, (iii) build a supervised dataset, (iv) augment it
synthetically, (v) train a small ANN regressor, (vi) evaluate it, and (vii) derive a simple “feature
importance” proxy from the first hidden layer’s weights.

For each sampling event, the average soil temperature over the 10 days preceding the sampling date was
calculated to represent the most ecologically relevant window of thermal exposure. The use of
antecedent ‘climate windows’ is well established in ecology, where biological responses often integrate
environmental conditions over prior days to weeks (Cable et al. 2013). Temperature data were obtained
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from Evja on-site soil sensors installed in the experimental field, with one probe monitoring the C/C+O

plot and a second probe monitoring the M/M+O plot (Table 1 and Table 2).

Table 1. Mean soil temperature over the 10-day period preceding the sampling date for the M and M+O treatments

M/M+0O
Sampling | T°mean10d
time
t0 6.5
t1 14.4
t2 18.5
t3 273
t4 24.0
tS 23.7

Table 2. Mean soil temperature over the 10-day period preceding the sampling date for the C and C+O treatments

C/C+O
Sampling = T°mean10d
time
t0 6.50
t1 13.50
t2 18.54
t3 27.51
t4 26.79
tS 20.31

Microbial community data from both 16S rRNA and ITS sequencing datasets were melted and matched
to the corresponding 10-day mean temperature for each sample. Samples name encoded treatment,
sampling time, and biological replicate (e.g., M t1 1, C+O t4 3).

These identifiers were parsed automatically to extract metadata on treatment (C, C+O, M, M+0O) and
time (t1-t5).

Soil temperature values (10-day means) were retrieved from two independent files corresponding to the
C/C+0 and M/M+O groups and matched to each sample according to its time point. Because microbial
abundances are compositional, each sample vector was transformed to centered log-ratio (CLR) space
(Aitchison 1982) used for regression-based analyses, ensuring that relationships among taxa are
expressed as log-ratios rather than absolute abundances. A small pseudocount (e.g., 1 x 107¢) was added
to all abundances prior to transformation to avoid undefined logarithms caused by zero values, while
minimally affecting the relative proportions among taxa. This numerical correction ensures the stability
of the CLR transformation and preserves the overall structure of the compositional data. The use of
small pseudocounts before CLR transformation is a common practice in compositional data analysis for
microbiome studies (Gloor et al. 2017). Only samples that parsed unambiguously, had an assigned
temperature, and produced finite CLR values were retained. The resulting CLR matrix served as

predictors (X), and the corresponding absolute temperature as the target (y).
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To increase training signal without imposing treatment structure, data augmentation was performed
directly in CLR space. In this work, three augmentation strategies were employed to enhance model
robustness and coverage of the feature space. First, zero-mean Gaussian perturbations with standard
deviation 6 = 0.005 were applied to each feature of observed samples, introducing minimal stochastic
variability while leaving the target (soil temperature) unchanged (Bishop 1995). Second, within-
treatment mix-up was performed by forming convex combinations of pairs of samples and their
corresponding targets, with the mixing coefficient A drawn from a Beta (0.3, 0.3) distribution; this yields
synthetic observations that remain close to one parent sample while preserving continuity along
treatment-specific manifolds (Zhang et al. 2017). Third, a SMOTE-like procedure was adopted whereby,
for each sample, one of its three nearest neighbours (Euclidean distance) was selected and a new
observation was generated by linear interpolation between the two; the target temperature was
interpolated using the same proportion (Torgo et al. 2013). Collectively, these procedures introduce
realistic, small-scale variation, promote smoother decision boundaries, and reduce sparsity in regions of
the feature space while respecting treatment structure and biological plausibility. Original and synthetic

samples were concatenated and randomly shuffled.

4.2.1 ANN Architecture

Temperature was predicted from CLR-transformed microbial profiles using a compact feed-forward
multilayer perceptron designed for regression. The network comprised two hidden layers with 16 ReLU
units each, a standard choice that supports efficient gradient flow and nonlinear function approximation
(Nair & Hinton 2010; Goodfellow et al. 2016). A “ReLU unit” denotes a neuron applying the Rectified
Linear Unit activation (Figure 1) to a linear pre-activation. For input x and parameters (w,b), the unit’s

output is:

ReLU(w 'x +b) = max(0, w x +b)

Figure 1. Rectified Linear Unit (ReLU). Neuron output defined, where w are the weights, x the input, and b the bias. ReLU

zeroes negative activations and passes positive ones unchanged, introducing nonlinearity and stabilizing gradient flow.

The ReLU activation sets negative pre-activations to zero and leaves positive values unchanged, which
promotes stable gradient propagation and enables the network to model nonlinear relationships at low
computational cost. Having two hidden layers with 16 ReL U units each means that the first hidden layer
produces 16 activated features from the input, and the second hidden layer takes those 16 values and
applies the same operation again, allowing the model to compose simple nonlinearities into richer
patterns. The final output layer then aggregates the 16 values from the second hidden layer into a single
scalar prediction (temperature). In the present setting (CLR input with D=240 features), the first dense
layer contains 240x16+16=3,856 parameters, the second 16x16+16=272, and the output layer
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16x1+1=17. This configuration provides compact capacity, sufficient to capture signal in CLR-
transformed microbial profiles, while helping control overfitting when combined with L2 regularization
and dropout.
To mitigate overfitting, L2 weight decay (A = 0.001) was applied to all dense layers, implementing
Tikhonov regularization on the weights (Krogh & Hertz 1991; Bishop 2006), and dropout (p = 0.15)
was used to decorrelate hidden activations (Srivastava et al. 2014). The output layer contained a single
linear neuron suitable for continuous targets under a mean-squared-error objective (Bishop 2006). Input
features, and the target during optimization, were z-standardized using training-set moments to stabilize
optimization and improve conditioning (Hastie et al. 2009). Training proceeded for up to 100 epochs.
An epoch denotes a full pass over the training set (excluding the portion held out for validation). In this
run, the training partition contained X _train = 154 samples; with validation_split = 0.2, approximately
123 samples per epoch were effectively used to update the weights. Given a mini-batch size = 16, the
number of weight updates per epoch is 123/16 = 8 updates per epoch.
The network was optimized with Adam (learning rate 0.001), a first-order adaptive method that
combines momentum and per-parameter scaling (Kingma and Ba 2014), minimizing MSE, using a
random 90/10 train—test split, an internal 20% validation split. Early stopping on validation loss
(patience = 50, best-weights restore) and learning-rate reduction on plateau (factor = 0.5, patience = 10;
floor = 1x107°) were employed to prevent overfitting and aid convergence once progress slowed
(Goodfellow et al. 2016). This setup intentionally pooled treatments and accepted potential leakage from
random splitting, in line with the study aim of exploring nonlinear relationships between temperature
and community composition.
The resulting architecture balances model capacity and regularization, providing a lightweight, robust
regressor for mapping CLR features to absolute soil temperature.
Predictive performance and diagnostics were assessed on the held-out test set using several metrics
(Rohart et al. 2017):

o Coefficient of determination (R?) (Figure 2) on the real °C scale, quantifying the proportion of

variance in observed temperatures explained by model predictions (higher is better)
D o )

R2 — 1 __n
> w9

n

Figure 2. R? (goodness of fit). Indicates how much prediction error is reduced compared with using the sample mean,
higher values mean better fit.

e Mean absolute error (MAE) (Figure 3) in °C, reporting the average absolute deviation between

predicted and observed temperatures (lower is better)

N
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Figure 3. Mean Absolute Error (MAE). Average absolute difference between observed and predicted values.
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¢ Root mean square error (RMSE) (Figure 4) in °C, emphasizing larger deviations through

squaring before averaging (lower is better).

2

- .l;'-) i )

Figure 4. Root Mean Squared Error (RMSE) Typical prediction error in the original units, with greater weight on
large deviations.

Model behaviour was further examined through diagnostic visualizations:
e Training/validation loss and MAE curves across epochs, to evaluate optimization progress,
potential overfitting (divergence), and convergence under early stopping.
e Predicted vs. observed temperature scatterplot with a 1:1 reference line, to assess calibration,
dispersion around the identity, and systematic bias across the temperature range.
e Residual distribution (observed — predicted), to inspect error symmetry, central tendency (mean
near zero), and the presence of heavy tails or outliers.
To provide an interpretable signal of contributing taxa, the absolute input-to-first-hidden-layer weights
were averaged per feature, and taxa were ranked by mean absolute weight; the top contributors were

reported with the caution that deeper nonlinear interactions are not captured by this proxy.

4.2.2 Software and Data Management

All analyses described in this chapter were conducted within a reproducible computational environment
to ensure consistency, transparency, and traceability of results. The entire workflow was developed in
Python 3.11 (Anaconda distribution) and executed through Jupyter Notebooks, allowing the integration

of code, results, and documentation within a single, version-controlled environment.

4.2.3 Computational environment
The analyses were carried out on a Windows 10 workstation equipped with 32 GB RAM and an Intel®
Core™ i7 processor. The following Python libraries were employed:
e Data handling and preprocessing: pandas (I/O, tabular wrangling), numpy (vectorized
computation), warnings (non-critical warning suppression
e ML and related analyses: tensorflow.keras (feed-forward ANN, training callbacks), scikit-learn
(train/test split, standardization via StandardScaler, nearest neighbours for SMOTE-like
interpolation, and evaluation metrics).
e Visualization: matplotlib (training curves, predicted-vs-observed plots, residual distributions,
and feature-importance bar charts).
All packages were managed via Anaconda environment to guarantee library compatibility and

reproducibility.
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4.2.4 Data organization and preprocessing
The primary input data consisted of Excel (.xIsx) tables derived from metagenomic sequencing outputs
(16S and ITS), where:
e Rows represented identified taxa (genera or species level).
e Columns corresponded to individual samples (biological replicates defined by treatment and
sampling time).
e (Cells contained normalized read counts or relative abundances.
Each dataset underwent initial preprocessing steps including:
e Removal of low-abundance and unclassified taxa.
e Normalization via Total Sum Scaling (TSS).
e Log transformation (when required) to stabilize variance prior to statistical testing.
e Merging of metadata files containing treatment, sampling time, temperature, and yield
information.
These preprocessing steps were standardized through a custom Python function to minimize human

error and ensure identical treatment across datasets.

4.2.5 File management and reproducibility
All scripts, raw data, and processed outputs were stored in a structured directory system. This structure
allowed systematic tracking of data flow from input to final output and facilitated integration into the

overall Al-based analysis pipeline.

4.2.6 Data validation and backup
Intermediate results and figures were automatically exported as .xlsx and .png files for verification. Data
integrity was verified by random cross-checks between raw and processed files. Regular backups were

performed on a secure drive, ensuring data safety and long-term accessibility.

4.2.7 Documentation and code availability

Each Jupyter Notebook was annotated with detailed markdown cells describing input files, parameter
settings, and statistical rationale. These annotated notebooks form a complete computational record of
the analyses and can be made available upon reasonable request.

This computational and data management strategy ensured robustness and reproducibility of all analyses

presented in Chapter 4.

4.3 Results
The microbiome matrix comprised 240 taxa profiled across 61 real samples. Absolute soil temperature
associated with each sample spanned 6.50-27.51 °C; within the training set, the target distribution had

amean of 21.01 °C and SD = 5.70 °C. Temperature trajectories were nearly identical across treatments
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up to t2, but diverged at t3—t5, with C/C+O exhibiting higher temperatures at t3—t4 and lower at t5
relative to M/M+O (e.g., t3: 27.51 °C in C/C+O vs 27.25 °C in M/M+0O; t4: 26.79 °C vs 23.96 °C; t5:
20.31 °C vs 23.69 °C).

Given the small number of samples relative to the number of features (small n, high p), data
augmentation expanded the dataset from 61 to 172 instances (+61 Gaussian-noise, +20 mix-up, +30
SMOTE-like). A stratified split yielded 154 training and 18 test samples. A compact feed-forward
network was trained (240—16—16—1, dropout on both hidden layers; ~4.1k parameters) with Adam
and learning-rate scheduling. Validation error decreased steadily in the first third of training and then
plateaued. Whenever no improvement was observed for several epochs, a ReduceLROnPlateau
scheduler decreased the learning rate (triggers at epochs 36, 46, 56, 66, and 100), enabling finer weight
updates. At the end of training, model weights were restored to those from the best validation epoch
(epoch 90), which we used for all reported test metrics.

During training, both loss (MSE) and MAE (Figure 5 and 6) decline sharply in the first epochs and then
flatten for training and validation in tandem, a pattern consistent with stable learning rather than
overfitting. In the scatterplot of predicted versus observed temperatures (Figure 7), the points lie close
to the 1:1 line and the coefficient of determination is high (R? = 0.960), indicating that the model
reconstructs almost all of the variability in measured temperatures from microbial composition. The
histogram of residuals (Figure 8) shows errors tightly centered around zero with a small average bias:
predictions are, on average, about half a degree higher than the true values. Most deviations remain
within roughly £1 °C, suggesting accurate and reliable predictions across the temperature range

sampled.

Loss during Training
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Figure 5. Loss (MSE) during training: epoch-wise training (blue) and validation (orange) losses illustrating stabilization after
~30—40 epochs and no divergence between curves.
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MAE during Training
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Figure 6. MAE during training: training (blue) and validation (orange) MAE decrease sharply and stabilize after ~40—60

epochs (plateau), with no sustained gap, suggesting the model has learned a consistent mapping without divergence between
sets.
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Figure 7. Scatterplot of predicted versus observed temperatures: predicted temperatures align tightly with observations against
the 1:1 reference, with high explained variance (R? = 0.960).
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Prediction Error Distribution
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Figure 8. Histogram of residuals errors: errors cluster near zero but are centered at —0.53 °C, showing modest bias toward
higher predicted temperatures.

Figure 9 complements the analysis by revealing which microbial taxa contribute most to those accurate
predictions. It ranks the top twenty taxa by their overall importance to the model, effectively indicating
which groups the network leans on most when distinguishing warmer from cooler samples. The bar
lengths should be interpreted as predictive contribution rather than direction: the plot does not say
whether a taxon increases or decreases with temperature, only how informative it is for the model. Read
together, the results show that a compact subset of taxa encodes much of the temperature information

and that the network can translate this signal into precise, low-error estimates of soil temperature.

91



Top 20 Most Important Taxa (NN, CLR space)

Trichoderma austrokoningii
Cladosporium sp.

Xenodidymella clematidis

Priestia aryabhattai B8W22
Novilysobacter spongiicola

Pezizales sp.

Actinomucor elegans var. kuwaitensis
Mortierellaceae

Ohtaekwangia koreensis

Epicoccum thailandicum

Bacillus badius

Ralstonia sclanacearum species complex
Christiangramia oceani

Nordella sp.

Pseudeurotium bakeri

Rhizopus arrhizus

Pseudeurotium hygrophilum
Microsphaeropsis sp.

Xenodidymella sp.

Saccharomyces cerevisiae

T v
0.00 0.02 0.04 0.06 0.08 0.10
Importance (mean absolute weight)

Figure 9. Bar plot of the 20 taxa with highest mean absolute weights in CLR space, indicating strongest contributions to the
model.

4.4 Discussions

This study shows that soil temperature leaves a measurable “imprint” on microbiome composition that
the compact feed-forward neural network implemented can decode with high accuracy. Using CLR-
transformed abundances of 240 taxa, the model reconstructed nearly all observed temperature variability
(R? = 0.960) with small average error (=0.5 °C overestimation) and narrow residual dispersion (most
errors within =1 °C). These results indicate that microbial community structure contains a robust thermal

signal across the sampled range (6.5-27.5 °C).

4.4.1 Methodological considerations

Working in a small-n, high-p regime required regularization and careful training dynamics. The
architecture (240—16—16—1 with dropout and learning-rate scheduling) favoured a parsimonious
hypothesis space that converged steadily without overfitting, as indicated by parallel training/validation
curves and a flat late-epoch regime. CLR transformation was essential to respect compositional
constraints and reduce spurious correlations. Data augmentation (Gaussian perturbations, within-
treatment mix-up, SMOTE-like interpolation) increased sample diversity and improved the estimator’s
bias—variance trade-off, enabling stable learning from 61 to 172 instances. Although augmentations
cannot create new ecological information, they help the optimizer explore smoother decision surfaces

around observed points, which is crucial in this case.
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4.4.2 Management context and temporal structure

Temperature trajectories were largely shared across treatments up to t2 and diverged at later time points
(t3-t5), with C/C+O warmer at t3—t4 and cooler at t5 relative to M/M+O. The model’s accuracy despite
this divergence suggests that the thermal imprint is not treatment-idiosyncratic but is instead captured
by community features that generalize across management regimes. This agrees with previous evidence
in the dataset that time was the dominant driver of community variation, whereas treatment effects were
weaker or more context dependent. In other words, the learned mapping appears to track a cross-

treatment thermal gradient encoded in the microbiome rather than treatment-specific signals.

4.4.3 Ecological interpretation

The ability to infer temperature from composition suggests that community turnover co-varies with
thermal conditions in a consistent way, likely reflecting temperature-sensitive metabolic rates, resource
processing, and biotic interactions.

Among the twenty most informative features, several taxa align with saprotrophic or soil-adapted
functional groups that plausibly encode recent thermal exposure. Trichoderma austrokoningii represents
filamentous fungi with aggressive saprotrophy and mycoparasitism, supported by rich extracellular
enzyme repertoires (Samuels et al. 2006). Cladosporium spp. are ubiquitous, mostly saprotrophic fungi
that track litter turnover and near-surface microclimate; aerobiological records consistently show higher
airborne Cladosporium loads under warmer conditions, with temperature emerging as a primary positive
driver across multi-year datasets (Kasprzyk et al. 2016). Xenodidymella spp. (Didymellaceae) are
commonly endophytic/saprotrophic on plant residues (Aveskamp et al. 2010), consistent with
temperature-modulated detrital processing (Davidson and Janssens 2006). The bacterial contributors
Priestia aryabhattai (formerly Bacillus aryabhattai) and Bacillus badius are spore-forming soil
heterotrophs associated with polymer degradation and plant-associated traits (Yadav and Chandra 2016;
Magome et al. 2024), whose metabolic rates typically scale with moderate warming (Nottingham et al.
2019). Novilysobacter spongiicola (Lysobacter-like) is linked to predatory/exoenzyme-rich strategies,
indicative of active organic-matter turnover (Romanenko et al. 2008). Mucoralean fungi, such as
Actinomucor elegans var. kuwaitensis and Rhizopus arrhizus, are fast-growing, hydrolytic decomposers
that respond to thermo-hydric pulses (Wang et al. 1974; Han et al. 2003). Across the remaining
contributors, several saprotrophic, residue-associated fungi, such as Mortierellaceae, Epicoccum
thailandicum, Pseudoeurotium bakeri, Pseudoeurotium hygrophilum, and Microsphaeropsis sp., mark
phases of litter colonization whose sporulation and abundance typically tracks thermo-osmotic
conditions at the soil-litter interface (Ramos et al. 2021).

The prominence of saprotrophic and soil-adapted groups among the most informative features is
ecologically coherent. These taxa cluster in functionally coherent groups, filamentous saprotrophs,
exoenzyme-rich decomposers, and spore-forming soil bacteria, that are expected to co-vary with
temperature via direct and indirect pathways (Tan et al. 2021). Direct effects include enzyme kinetics,

membrane fluidity, and growth rates (Hassan et al. 2020; Davidson and Janssens 2006); indirect effects
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arise when temperature alters substrate, redox dynamics, or plant inputs, which then feedback on
microbial competition and cooperation (Gao et al. 2024). As a result, the same thermal increment can
have different compositional consequences depending on moisture, oxygen, and recent disturbance.

Finally, because the features are compositional (CLR space), informativeness concentrates in groups
that move in coordinated ways along thermal gradients. This does not guarantee that each taxon
increases monotonically with temperature; some may show threshold-like or unimodal responses, and

correlated clades can share importance due to co-variation.

4.5 Conclusions

A reliable microbiome-to-temperature mapping opens two applied avenues. First, it provides a
complementary, biology-aware indicator of field thermal conditions that can be integrated with sensor
networks, filling gaps and enabling retrospective inference when sensor data are missing. In practice,
model predictions obtained from routine soil sampling can be assimilated alongside sensor data to fill
temporal gaps and to backfill periods prior to sensor installation. Second, the same features that encode
temperature may mediate plant—soil processes, such as decomposition or nutrient cycling, relevant to
crop performance; linking the model’s informative taxa to functional outcomes could support decision
tools that combine environmental exposure and microbiome state to anticipate agronomic responses.
The same framework could enable spatial upscaling. Composite or georeferenced cores collected across
a plot can be translated into temperature fields, yielding fine-grain maps of recent thermal exposure
without saturating the field with hardware. These maps can be aligned to management zones and
experimental blocks, facilitating comparisons among treatments when microclimate differs subtly across
the site.

Because the model is lightweight, predictions can be produced rapidly, for example in a Python pipeline
after sequencing outputs are processed, making it feasible to iterate as new samples arrive during the
season.

Agronomically, the taxa that carry the temperature signal are not merely markers: many are functionally
tied to decomposition and nutrient cycling. If increases in the abundance of saprotrophic or filamentous
groups co-occur with warmer conditions, one may anticipate faster residue turnover and earlier nitrogen
mineralization, with implications for fertilizer timing and cover-crop termination. Conversely, signals
consistent with cooler exposure and slowed saprotrophy can motivate the retention of residues or
delayed planting to avoid transient nutrient immobilization. In systems prone to heat or cold stress, the
microbiome-derived temperature proxy can be combined with plant thermal thresholds to flag windows
of elevated risk, particularly where canopy or soil sensors are sparse or unreliable.

For monitoring programs, standardized sampling (depth, timing within the day, soil moisture) and
turnaround time from DNA to prediction are equally important: consistent protocols reduce variance
unrelated to temperature, while a predictable pipeline enables timely use, ideally integrating with
existing Python analysis scripts that process sequencing tables, apply CLR, load the trained model, and

emit both temperature estimates and uncertainty metrics.
94



Finally, the approach is best viewed as a complement, not a replacement, to physical sensing. Where
sensors are dense and clean, the microbiome proxy adds redundancy and ecological context; where
sensors are sparse or intermittent, it provides a principled way to reconstruct recent exposure and to
connect that exposure to microbially mediated processes that matter for crop performance. In both cases,
translating model-informative taxa into functional groupings (e.g., saprotrophs vs. pathogens vs.
mutualists) strengthens agronomic interpretation and helps close the loop from environmental exposure,
to microbiome state, to actionable management decisions.

In sum, a small, regularized neural network trained on CLR-transformed microbiome profiles accurately
recovers soil temperature and identifies a compact set of informative taxa that likely reflect temperature-
sensitive ecological processes. The findings support the view that microbial communities carry a
consistent thermal imprint and motivate integrative, function-aware modelling to translate that imprint

into actionable indicators for soil and crop management.
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Chapter 5 — Conclusion and future perspectives

5.1 Original contributions of the PhD

The thesis delivers an end-to-end, reproducible framework that integrates compositional preprocessing
and supervised models to quantify environmental imprints on microbiomes. The workflow explicitly
handles small-n/high-p (few samples and many predictors), settings via regularization, meticulous data
splits, and cautious evaluation to limit overfitting. A modular Python pipeline standardizes
inputs/outputs (multi-sheet Excel, publication-ready figures), encapsulates model training and inference,
and enables rapid iteration as new samples arrive. The design emphasizes transparency, portability, and

ease of integration with routine sequencing outputs.

5.2 Overview and synthesis of key findings

This thesis investigated how soil microbial communities change through time and agricultural
management, and whether those changes encode an actionable environmental signal, specifically soil
temperature, that can be decoded with machine learning. By combining 16S/ITS community profiling,
unsupervised learning, and a compact feed-forward neural network trained on CLR-transformed
abundances, the work aimed to disentangle temporal versus treatment effects on community assembly,
characterize functional succession across the crop cycles, and test whether community composition
contains a reliable “thermal imprint” that is predictable at high resolution.

Across analyses, time, and the establishment of Valerianella locusta, emerged as the primary driver of
microbial community structure, with treatment effects weaker and context-dependent. Communities at
t0 reflected bulk-soil conditions dominated by decomposers and metabolically specialized bacteria; from
tl onward, the rhizosphere effect reshaped community composition, progressively favouring
antagonistic and plant-associated fungi and oligotrophic, stress-tolerant bacterial groups. These
dynamics reflect a shift from decomposer-rich bulk soils to rhizosphere-structured assemblages that
stabilize along the crop cycle. Fungal assemblages showed higher plasticity and stronger sensitivity to
management inputs (with antagonistic taxa enriched under inoculation and/or organic matter), whereas
bacterial communities were more resilient, converging toward a functionally conserved core across
treatments. Unsupervised learning (K-means, t-SNE) exposed these successional tracks and clarified
subtle divergences not apparent from raw composition alone.

An ANN reconstructed nearly all observed temperature variability from CLR-transformed community
profiles (R? = 0.96, small average overestimation, most residuals within £1 °C), indicating that microbial
composition carries a consistent, generalizable thermal signal over 6.5-27.5 °C. The model stays
accurate even when treatments diverge late in the season, implying the predictive signal is shared across
treatments, not driven by any one of them. Among the most informative features, saprotrophic and soil-
adapted taxa (e.g., filamentous decomposers, exoenzyme-rich groups, spore-forming soil bacteria)

predominated, ecologically coherent with temperature-sensitive turnover.
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Taken together, these results suggest a practical role for microbiome profiling in monitoring and decision
support. Community composition carries a biologically grounded record of recent thermal exposure,
offering a complementary signal to physical sensors. Where sensor networks are sparse or discontinuous,
microbiome-derived estimates can help backfill gaps and provide ecological context for interpreting
temperature fluctuations, turning routine soil sampling into an additional layer of environmental
surveillance.

The functional identity of the most informative taxa also speaks directly to management timing. Taxa
linked to saprotrophic activity and filamentous growth tend to rise under warmer conditions, a pattern
consistent with faster residue turnover and earlier nitrogen mineralization. In such cases, managers may
anticipate advancing fertilizer applications or adjusting cover-crop termination to align nutrient release
with crop demand. Conversely, profiles indicative of cooler exposure and subdued saprotrophy may
signal transient immobilization risks, arguing for more conservative fertilization or delayed planting. In
both directions, the microbiome serves as an integrative readout that bridges recent exposure with
process-level consequences.

A further implication concerns system resilience. The observed convergence of bacterial communities
toward a conserved core suggests functional redundancy that may buffer short-term management
changes, whereas fungi display greater plasticity and responsiveness to inputs. This asymmetry invites
a differentiated strategy: use bacterial stability as a baseline indicator of system robustness, while
leveraging fungal responsiveness, particularly antagonistic or decomposer, for targeted interventions,
such as organic amendments or biocontrol, always interpreted within the temporal trajectory of the crop

cycle.

5.3 Future perspectives

The present findings originate from a single site and cropping system, which constrains their generality.
Establishing transportability to other soils, climates, and management regimes remains a priority.
Moreover, the limited set of physico-chemical and microclimatic covariates restricts attribution among
correlated drivers, most notably temperature, moisture, substrate quality, and redox conditions. While
CLR transformation mitigates closure, compositional dependencies and inter-taxon correlations can still
bias feature importance and complicate interpretation. Finally, data-augmentation strategies (noise, mix-
up, SMOTE-like interpolation) improve optimization in data-sparse settings but do not introduce new
ecological information; their benefits should therefore be weighed against potential artifacts when
extrapolating beyond the observed domain.

Advancing interpretability is central. In compositional data, correlated taxa share variance, so
importance can cluster within functional groups and cannot be taken as evidence of monotonic, one-to-
one relationships with temperature. Follow-up analyses, such as permutation importance, SHAP values,
and partial-dependence or accumulated local effects profiles, should be used to establish directionality

(increasing, decreasing, threshold-like), distinguish additive from interaction-driven effects, and test
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robustness to correlation structure. The concentration of importance in ecologically coherent groups is
encouraging, but mechanistic claims require these additional diagnostics.

On the data side, future work should enrich community profiles with environmental covariates,
including pH, EC, soil moisture, organic C, total N, available P/K, texture, and paired soil/air
microclimate. Derived features can capture ecologically relevant exposure windows. Within this
expanded data space, multi-task learning that jointly predicts temperature and other abiotic states may
promote shared representations and improve generalization.

To establish external validity, multi-site, multi-season designs with independent replication are
recommended, accompanied by pre-registered analysis plans and strict out-of-distribution evaluation on
held-out external test sets. Where feasible, pairing georeferenced soil cores with dense sensor grids
would enable rigorous benchmarking of microbiome-derived thermal maps against physical
measurements and facilitate spatial upscaling.

In sum, the path forward combines data enrichment, external validation, uncertainty-aware and
interpretable modelling. Together, these steps will convert the present framework from a robust proof of

concept into a reliable, transferable tool for sustainable soil and crop management.
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v. Abbreviations

Al — Artificial Intelligence

ANN - Artificial Neural Network

CNN — Convolutional Neural Network
CLR — Centered Log-Ratio

DL — Deep Learning

DSS — Decision Support System

GBM - Gradient Boosting Machine(s)
MAE — Mean Absolute Error

ML — Machine Learning

MSE — Mean Squared Error

NGS — Next Generation Sequencing
ONT — Oxford Nanopore Technology
OP — Organization of Producers

PCA - Principal Component Analysis
PCR - Polymerase Chain Reaction

RF — Random Forest

RMSE — Root Mean Square Error

RNN — Recurrent Neural Network
SHAP — SHapley Additive exPlanations
SMOTE — Synthetic Minority Over-sampling Technique
SMRT - Single-Molecule Real-Time
SVM — Support Vector Machines
t-SNE — t-distributed Stochastic Neighbor Embedding
TSS — Total Sum Scaling

UMAP — Uniform Manifold Approximation and Projection

101



