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Summary

This dissertation explores the mechanisms underpinning the joint effects of multi-

ple global change factors (GCFs) on soil properties and functions incorporating the

rapid development of machine learning methods and AI tools.

In chapter 2, we addresses the complex interactions between multiple GCFs and

their joint effects on soil properties and functions. By developing a factor pool of 12

GCFs and calculating dissimilarity indices for factor combinations, the study shows

that higher factor number and more dissimilar factors result in more pronounced

deviations in soil properties and functions from null model predictions. These devi-

ations often manifest as synergistic interactions, particularly in critical soil functions

such as decomposition rates and enzyme activities. It highlights that not only the

number of GCFs but also their dissimilarity plays a key role in driving soil responses,

offering a new perspective for future research on the interactions of multiple global

change factors.

In chapter 3, in addition to the mechanistic insights, the dissertation introduces

a practical null model analysis work�ow for evaluating interactions among multi-

ple stressors in soil ecology. The work�ow not only facilitates the identi�cation of

interactions among factors but also ef�ciently generates null model predictions for

a large number of randomly selected factor combinations. By incorporating it with

other modeling frameworks, this �exible model work�ow can be adapted to various

hypothesis testing in GCF studies. Two case studies demonstrate the utility of this

approach, offering a robust framework for future research on impacts of multiple

GCFs on soil ecosystems.

In chapter 4, the dissertation delves into the rapid development and increasing

integration of arti�cial intelligence (AI), speci�cally generative models, into environ-

mental science and ecology. This chapter explores the dual-edged nature of these



xx

technologies. On the one hand, LLMs and generative AI offer signi�cant advan-

tages, such as streamlining research work�ows, enhancing environmental commu-

nication, and broadening public engagement with ecological issues. On the other

hand, we also emphasizes the potential risks associated with the unregulated use

of AI in environmental sciences, such as the spread of misinformation and biased

outputs. Moreover, the potential for AI-generated scienti�c data to be fabricated or

manipulated raises concerns about the integrity of research �ndings in the �eld of

ecology.

Overall, this dissertation contributes insights into two critical areas of environ-

mental research: the conbined effects of multiple GCFs on soil ecosystems, and the

transformative potential of AI technologies in ecological research and communica-

tion. By advancing our understanding of how these forces interact with and shape

the environment, it provides important frameworks for addressing the multifaceted

challenges posed by human activities and technological advancements.
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Zusammenfassung

Diese Dissertation untersucht die Mechanismen, die den kombinierten Effekten meh-

rerer globaler Umweltveränderungsfaktoren (GCFs) auf Bodenbeschaffenheit und

funktionen zugrunde liegen und berücksichtigt dabei die rasante Entwicklung von

maschinellen Lernmethoden und KI-Tools.

In Kapitel 2 werden die komplexen Wechselwirkungen zwischen mehreren GCFs

und deren gemeinsame Auswirkungen auf Bodenbeschaffenheit und -funktionen

behandelt. Durch die Entwicklung eines Faktorpools von 12 GCFs und die Berech-

nung von Ähnlichkeitsindizes für Faktorkombinationen zeigt die Studie, dass eine

höhere Anzahl und größere Unterschiedlichkeit der Faktoren zu stärkeren Abwei-

chungen von den Vorhersagen des Nullmodells führen. Diese Abweichungen mani-

festieren sich häu�g als synergetische Wechselwirkungen, insbesondere bei kritis-

chen Bodenfunktionen wie Zersetzungsraten und Enzymaktivitäten. Die Studie

hebt hervor, dass nicht nur die Anzahl der GCFs, sondern auch ihre Unterschiedlichkeit

eine Schlüsselrolle bei der Beein�ussung von Bodenreaktionen spielt und bietet somit

eine neue Perspektive für zukünftige Forschungen zu den Interaktionen mehrerer

globaler Umweltveränderungsfaktoren.

In Kapitel 3 stellt die Dissertation zusätzlich zu den mechanistischen Erkennt-

nissen einen praktischen Work�ow für die Analyse von Nullmodellen zur Bewer-

tung von Wechselwirkungen zwischen mehreren Stressoren in der Bodenkunde vor.

Der Work�ow erleichtert nicht nur die Identi�zierung von Wechselwirkungen zwis-

chen den Faktoren, sondern generiert auch ef�zient Nullmodellvorhersagen für eine

große Anzahl zufällig ausgewählter Faktorkombinationen. Durch die Integration in

andere Modellierungsrahmen kann dieser �exible Work�ow an verschiedene Hy-

pothesentests in GCF-Studien angepasst werden. Zwei Fallstudien demonstrieren

die Nützlichkeit dieses Ansatzes und bieten ein solides Rahmenwerk für zukünftige

Forschungen zu den Auswirkungen mehrerer GCFs auf Ökosysteme.
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In Kapitel 4 befasst sich die Dissertation mit der rasanten Entwicklung und zunehmenden

Integration von Künstlicher Intelligenz (KI), insbesondere generativer Modelle, in

die Umweltwissenschaften und Ökologie. Dieses Kapitel untersucht die zwiespältige

Natur dieser Technologien. Einerseits bieten große Sprachmodelle (LLMs) und gen-

erative KI erhebliche Vorteile, wie die Optimierung von Forschungsabläufen, die

Verbesserung der Umweltkommunikation und die Erweiterung des öffentlichen En-

gagements für ökologische Themen. Andererseits werden auch die potenziellen

Risiken einer unregulierten Nutzung von KI in den Umweltwissenschaften betont,

wie die Verbreitung von Fehlinformationen und voreingenommene Ergebnisse. Zu-

dem wirft die Möglichkeit, dass KI-generierte wissenschaftliche Daten fabriziert

oder manipuliert werden könnten, Bedenken hinsichtlich der Integrität von Forschungsergeb-

nissen im Bereich der Ökologie auf.

Insgesamt liefert diese Dissertation Einblicke in zwei zentrale Bereiche der Umwelt-

forschung: die kombinierten Effekte mehrerer GCFs auf Bodensysteme und das

transformative Potenzial von KI-Technologien in der ökologischen Forschung und

Kommunikation. Durch die Erweiterung unseres Verständnisses darüber, wie diese

Kräfte auf die Umwelt wirken und sie formen, bietet sie wichtige Rahmenwerke

zur Bewältigung der vielfältigen Herausforderungen, die durch menschliche Aktivi-

täten und technologische Fortschritte entstehen.



1

Chapter 1

General Introduction

Global change factors (GCFs) induced by human activities, such as climate change,

pollution, and land-use changes, signi�cantly impact the Earth's ecosystems, partic-

ularly soil ecosystems(Richardson et al.; 2023; Díaz et al.; 2019). These factors alter

soil physicochemical properties, microbial communities, and ecosystem functions,

with salinity, pesticides, and drought being notable examples of stressors that nega-

tively affect soil health(Haj-Amor et al.; 2022; Tudi et al.; 2021; Schimel; 2018). While

individual GCFs have been extensively studied, there is a growing recognition of

the need to explore their combined effects, as multiple stressors often co-occur in

real-world ecosystems(Zhou et al.; 2020). Yet, fewer than 2% of studies have ad-

dressed the concurrent impacts of three or more factors, largely due to the combi-

natorial explosion problem that makes traditional factorial designs impractical for

high-dimensional ecological research(Rillig et al.; 2019). Innovative experimental

designs that randomly select factors from prede�ned pools are emerging to tackle

these challenges and enhance our understanding of complex GCF interactions(Rillig

et al.; 2019; Speißer et al.; 2022; Yang et al.; 2022).

The profound and often unpredictable effects of multiple GCFs on soil ecosys-

tems are further complicated by factor interactions. These interactions can be syn-

ergistic or antagonistic, meaning the combined effect of multiple factors can differ

substantially from the sum of individual effects(Crain et al.; 2008; Dieleman; 2012;

Holmstrup et al.; 2010). Understanding these complex dynamics is crucial for devel-

oping effective soil and ecosystem management strategies, particularly as ecosystem
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biodiversity and functions face increasing threats from anthropogenic stressors. Fur-

thermore, the classi�cation of GCFs based on their traits and mechanisms is help-

ing to uncover patterns and predictions related to how multiple stressors impact

ecosystem processes(Rillig et al.; 2021; Orr et al.; 2022; Simmons et al.; 2021). How-

ever, despite progress, signi�cant gaps remain in identifying net interactions and the

mechanisms driving the joint effects of multiple co-acting GCFs .

In parallel, the rapid advancement of arti�cial intelligence (AI) is opening new

frontiers in environmental sciences, particularly with the rise of generative mod-

els such as large language models and generative AI(Future of Life Institute.; 2023).

These models, which can generate long text and transform textual prompts into de-

tailed images, audio or videos, present both opportunities and challenges for eco-

logical research. AI has the potential to streamline scienti�c work�ows and enhance

research communication, yet it also raises ethical concerns, such as the risk of gener-

ating misleading content with false authority(Birhane et al.; 2023; Samuelson; 2023).

Moreover, these tools could revolutionize how ecological phenomena are visualized,

communicated, and analyzed, particularly in studies involving complex GCF inter-

actions. However, as AI becomes increasingly integrated into environmental science,

a critical evaluation of its implications is essential.

This dissertation aims to explore the joint effects of multiple global change fac-

tors on soil properties and ecosystem functions, leveraging both advanced experi-

mental designs and machine learning methods to address the complexities of high-

dimensional factor interactions. Through a microcosm experiment, we investigated

the role of factor dissimilarity and the number of co-acting GCFs in driving soil re-

sponses. By developing a Null model work�ow, we provided a practical method to

estimate null model predictions for GCF studies with complex experimental design.

Additionally, this work assessed the potential of AI to enhance ecological research,

providing new insights into the intersection of technology and environmental sci-

ence.
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Chapter 2

Factor number and dissimilarity

drive effects of multiple global

change factors on soil properties

and functions

2.1 Abstract

Soil biota and functions are impacted by various anthropogenic stressors, including

climate change, chemical pollution or microplastics. These stressors do not occur

in isolation, and soil properties and functions appear to be directionally driven by

the number of global change factors (GCFs) acting simultaneously. Building on this

insight, we here hypothesize that co-acting GCFs with more diverse effect mech-

anisms, or higher dissimilarity, have greater impacts on soil properties and func-

tions. We created a factor pool of 12 GCFs and calculated dissimilarity indices of

randomly-chosen co-acting factors at high-GCF levels (2, 5 and 8 factors) based on

the measured responses of soil properties and functions to the single factors. Results

show that not only was the number of factors important, but factor dissimilarity was

also key for predicting joint GCF effects. By analyzing deviations of soil properties

and functions from three null model predictions, we demonstrate that higher factor

dissimilarity and a larger number of factors could drive larger deviations from null

models and trigger more frequent occurrence of synergistic factor net interactions

on soil functions (decomposition rate, cellulase and b-glucosidase activity), which
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provides new mechanistic insights for understanding high-dimensional effects of

factors. Our work highlights the importance of considering factor similarity in fu-

ture research on interacting GCFs.

2.2 Introduction

Global change factors (GCFs) induced by human activities have a signi�cant impact

on soil physicochemical properties, process rates and microbial communities in di-

verse terrestrial ecosystems(Rillig et al.; 2019). The effect of individual GCFs on soil

properties and functions have been the focus of many prior studies. For example,

salinity reduces the availability of soil nutrients and has negative impacts on soil mi-

crobial activities(Haj-Amor et al.; 2022), pesticides can pose adverse effects on non-

target soil organisms(Tudi et al.; 2021), and drought affects soil processes by directly

stressing soil organisms and indirectly by hindering substrate (Schimel; 2018). The

multitude of GCFs collectively gives rise to concerns about soil ecosystem health.

Only a few studies have addressed the effects at a high-dimensional factor level

with concurrent effects of a larger number of factors. A systematic mapping showed

that fewer than 2% of experimental studies have explored the combined effects of

three or more factors in the context of soils(Rillig et al.; 2019). One of the main

obstacles for studying joint effects of multiple factors at a time is the combinato-

rial explosion problem(Katzir et al.; 2019). For traditional factorial designs, when

the number of factors increases, the number of possible factor combinations will in-

crease rapidly, meaning that such designs including a large number of factors are

not feasible in ecology. To overcome this experimental challenge, recent studies in-

vestigating the effects of multiple factors followed an approach involving randomly

selecting factors from a prede�ned factor pool; such a design avoids factor combina-

tion problems without losing generalizability(Rillig et al.; 2019; Speißer et al.; 2022;

Yang et al.; 2022). Using this experimental approach addressed a general feature of

multiple GCFs — the number of co-acting factors — which has been shown to di-

rectionally drive the effects of co-acting multiple factors on plants(Zandalinas et al.;

2021), soil ecosystems(Rillig et al.; 2019) and the plant community(Speißer et al.;
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2022; Komatsu et al.; 2019). Another study also indicated that the increasing num-

ber of factors diminished the functions of soil microbial diversity(Yang et al.; 2022).

However, in general, our knowledge about mechanisms underpinning the effects of

multiple co-acting GCFs is still limited.

To gain more insights into this high-dimensionality problem, studies have high-

lighted the importance of ordering and classifying GCFs from trait-based perspec-

tives(Rillig et al.; 2021a; Orr et al.; 2022b; Simmons et al.; 2021). In previous stud-

ies, factors are usually grouped by their sources instead of considering their effect

mechanisms and ecological-scale dependency(Simmons et al.; 2021). Recently, ana

priori factor classi�cation system has been introduced, using inherent traits (physi-

cal, chemical and biological agents) and theoretical effects (effect mechanism, targets

and key properties) of 30 different anthropogenic factors(Rillig et al.; 2021a). Build-

ing more comprehensive factor classi�cation systems may enable extracting new

features from factor traits to predict general patterns of multiple GCF effects. In this

context, factor dissimilarity is a plausible feature that can be generated from multi-

ple available factor traits and may capture patterns of high-dimensional effects(Orr

et al.; 2022b). However, the role of factor dissimilarity in driving the effects of mul-

tiple GCFs has never been investigated experimentally.

Another important feature of the multiple co-acting GCF effects is the nature of

factor interactions. Across marine and terrestrial ecosystems, many studies found

that when two or more factors are present, the combined effects often differ from

what is expected based on the single factor effects(Crain et al.; 2008; Dieleman; 2012;

Holmstrup et al.; 2010). The interactions between factors are de�ned as antagonistic

when combined effects are less than expected, while synergistic interactions cause

combined effects larger than expected effects. Although understanding interactions

among factors is crucial for prioritizing ecosystem stressor management, when more

than three factors are acting simultaneously, testing every pairwise factor interaction

or high-order interaction is extremely challenging unless every factor combination

has been separately replicated(Smith et al.; 2024). In this case, revealing the overall

net interactive effects of multiple GCFs is a more practical solution and can also indi-

cate potential interactions among multiple GCFs. Nevertheless, there is still a lack of

established methods for identifying the net interactions for multiple co-acting GCFs
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and insuf�cient knowledge about the potential mechanisms underpinning such ef-

fects.

We here aim to investigate the joint effects of multiple GCFs on soil properties

and functions, examining the effects of number of factors and dissimilarity of GCF

combinations. We present a microcosm experiment (Fig. 1) with 2, 5 and 8 factor

levels to test the following hypotheses:

• (i) Factor dissimilarity can help predict soil biological and ecological responses

to multiple co-acting GCFs in addition to the number of factors;

• (ii) a larger dissimilarity among factors or larger number of factors will cause

greater deviation of joint effects on soil properties and functions from expected

effects;

• (iii) Factor dissimilarity or number of factors may drive the emergence of factor

interactions (synergistic or antagonistic).

2.3 Methods

2.3.1 Experimental design

The experiment was set up with a GCF pool that includes 12 factors: salinity, drought,

microplastic, fungicide, herbicide, antibiotic, insecticide, surfactant, nitrogen depo-

sition, heavy metal pollution, per�uoroalkyl and poly�uoroalkyl substances (PFAS)

and lithium. The selected factors were chosen from the most frequently occurring

anthropogenic factors in soil ecosystems subject to intense human in�uence(Riedo

et al.; 2021; Zhou et al.; 2020), and differ in intrinsic features (physical, chemical etc.)

and effect mechanisms (mode of action, effect targets etc.) in affecting soil proper-

ties and functions(Rillig et al.; 2021a; Orr et al.; 2022b; Schäfer and Piggott; 2018).

On the basis of previous experimental designs1, three multi-factor levels (2, 5 and 8

factors, 50 replicates) were created by a random factor-selection method(Rillig et al.;

2019; Huang et al.; 2018; Tilman et al.; 1996). To achieve this, �rst, complete sets of

factor combinations for each factor level were generated (e.g., for the 5 factor level,

there were in total 792 different factor combinations for choosing 5 factors from a

12 factor pool). Then we randomly selected 50 factor combinations from all the
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possible combinations at each factor level without replacement to avoid selecting

repeated factor combinations. Furthermore, we set up single factor treatments with

8 replicates for each factor and the control group including 20 replicates. Finally,

to test for the effects of organic solvents (dimethyl sulfoxide (DMSO) and acetone)

used to apply chemical GCFs (fungicide and herbicide) on soil properties and func-

tions, we included 10 additional replicates (water control) that received the same

rate of water instead of organic solvent in the experiment. Collectively, we had

(50 � 3) + ( 12 � 8) + 20+ 10 = 276 units in our experiment (FIGURE 2.1).

FIGURE 2.1: Experimental design and analysis work�ow.

(a) The design of the multiple factor experiment. There were 20 replicates for the control; 10
replicates for water control (without adding organic solvents); 8 replicates for single GCFs;

50 replicates for each factor level in the multiple factor group; the total number of
experimental units = 20+10+812+350=276. Factor combinations in 2, 5 and 8 levels are

randomly selected from the full combinations by drawing 2, 5 and 8 factors from the 12
factors pool without repetition. (b) Analysis work�ow. The normalized dissimilarity index
for each multi-factor treatment is calculated based on the Euclidean distances among single

factors and the randomly selected factor combinations.
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2.3.2 Soil preparation and incubation system

The soil used in the experiment was collected in February 2022 from a local grass-

land at an experimental site of Freie Universität Berlin (52° 28' N, 13°18' E, Berlin,

Germany) with a sandy loamy texture. Before the start of the experiment, the soil

was air dried and passed through a 2 mm sieve to remove large stones and big grass

roots. To prepare the “loading soil” for the factor implementation, one eighth of the

air-dried sieved soil was sterilized under 121°C for 20 mins. Loading soil was used

to more effectively mix small amounts of chemicals into the experimental units; it

was sterilized to avoid large local effects on soil microbes.

The experimental unit was a 50 mL mini-bioreactor (Product Nr: 431720, Corn-

ing®, USA) with a vented �lm, which allows gas exchange but prevents microbial

contamination (FIGURE 2.2 ). Inside the bioreactor we added 40.0 g (dry weight,

d.w.) soil with the respective GCF treatments.

2.3.3 Implementation of GCFs and harvest

This study focuses on 12 frequently occurring GCFs in soil ecosystems that dif-

fer in their nature (physical, chemical, biological) and effect mechanisms: salinity,

drought, microplastic, fungicide, herbicide, antibiotics, insecticide, surfactant, nitro-

gen deposition, heavy metals, PFAS and lithium. Detailed information about the

selected GCFs is presented in the supplementary information.

To homogeneously mix GCFs with the testing soil, we added chemical factors

to 5.0 g (d.w.) loading soil �rst then mixed the loading soil with the other 35.0 g

(d.w.) soil. Concentrated solutions were prepared for every chemical factor except

for salinity and microplastic. Most of the chemicals we used were dissolved in dis-

tilled water, except for fungicide (carbendazim, dissolved in DMSO) and herbicide

(Di�ufenican, dissolved in acetone). According to the designed factor combination

for each treatment, 100mL solution (water, DMSO or acetone) carrying appropriate

chemical dose for 40.0 g (d.w.) soil was added to 5.0 g (d.w.) loading soil inside

a 150 mL cup. To standardize the amount of solvents we added into every treat-

ment, treatments which had fewer factors, for instance, single factor treatments and

control treatments, additionally received solvents (water, DMSO or acetone) to the
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same amount of solvents added in the eight factor treatments. To further test the

effects of the solvents (DMSO and acetone) on soil properties and functions, another

10 control treatments only received the same amount of distilled water. The effects

of organic solvents on soil properties and functions are shown in Appendix FIGURE

1. For the experimental units that include microplastic or salinity treatments, 40.0

mg tire particles (1-2 mm diameter) or 200.0 mg sodium chloride were added into

the 150 mL cup accordingly. Then an additional 35.0 g of air-dried soil was added

to every 150 mL cup. After covering with a cap, all the soil treatments were mixed

for 30 mins with a shaking machine (Product Nr: 541-21009-00, Reax2, Heidolph In-

strument GmbH & Co. KG, Schwabach, Germany) at a speed of 80 rpm to achieve a

homogeneous distribution. After the mixing process, the soil-chemical mixture was

transferred to the 50 mL mini bioreactors. For tracking the litter decomposition rate

during the experiment, a sterilized tea bag was placed vertically in the center of the

soil. Finally, distilled water was added to bring the soil water content to 60% of the

soil water-holding capacity (30% of water-holding capacity for drought treatments).

All 50 mL mini-bioreactors were incubated at 25 °C in a dark environment for 42

days. As there was on average 0.5 g weight loss every week for each mini-bioreactor,

we added 0.5 mL distilled water to each treatment every week to keep the water

content constant. After 42 days, all units were harvested. Soil cores were taken from

the bioreactors, the tea bags (see below) were removed and the soil of each treatment

was homogeneously mixed by a spoon in a sterilized Petri dish for 2 min. 5.0 g fresh

soil was collected and stored at 4 °C for enzymatic activity measurement, and the

remaining soil was air dried at room temperature for soil property measurements.

Tea bags from all units were collected and oven dried (60 °C) before measuring litter

decomposition rate.

2.3.4 Soil response variables

The soil response variables we measured in this experiment are: litter decomposi-

tion rate, soil pH, water-stable aggregates and the activity of four extracellular soil

enzymes. Here we present the methods of each response variable measurement.
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FIGURE 2.2: Microcosm experimental system

pH measurement

We collected 5 g air dried soil from each unit to a 50 mL centrifuge tube (Product

Nr: 62.547.255, Sarstedt AG & Co., Germany) after harvest and mixed with 25 mL

distilled water. The tubes were shaken vertically for 30 mins with a speed of 200

rpm and centrifuged at 3000 rpm for 5 mins. The pH of each unit was determined

with a pH meter (Hanna Instrument, Smith�eld, USA) by placing the pH probe in

the supernatant for 2 mins.

Water-stable soil aggregate measurement

The proportion of water-stable soil aggregates (WSA) was measured following a

modi�ed previous protocol(Klute; 1986). 4.0 g air dried soil was weighed and recorded

as the sample weight. Then it was placed in a small 250 mm sieve above a weighing

boat, rewetted by distilled water for 5 mins and inserted into a sieving machine (Ei-

jkelkamp, Netherlands) for 3 mins running. Afterwards the remaining matter was

washed into a plastic plate and dried at 60 °C overnight, then weighed and recorded

as dry matter. Then we rewetted the dry matter and gently crushed the aggregates

with �ngers and �ushed it on a 250 mm sieve.The remaining material was dried at 60

°C overnight and it was recorded as coarse matter. The WSA is calculated by using

the following formula:

WSA(%) =
dry matter� coarse matter

sample weight� coarse matter
� 100 (2.1)
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Decomposition rate

The decomposition rate was measured and calculated using a modi�ed protocol(Keuskamp

et al.; 2013). A sealed tiny bag (with 38 mm mesh size) containing 300.0 mg (d.w.) tea

biomass was placed into the soil. We autoclaved the tea bags and dried them in the

oven at 60°C to sterilize before using. After the harvest, we dried all tea bags at 60°C

for two days and removed the soil particles attached to the tea bags using a brush.

Then the proportional weight loss was calculated based on the tea biomass (d.w.)

inside the bag before and after the incubation.

Enzyme acticities measurement

The measurements of N-acetyl-glucosaminidase (chitin degradation), cellulase (cel-

lulose degradation), b-glucosidase (cellulose degradation) and phosphatase (organic

phosphorus mineralization) activity followed a high throughput microplate proto-

col(Jackson et al.; 2013). The enzyme substrate solution was prepared usingr NP-b-

glucopyranoside (Sigma no. N7006), r NP-b-D-cellobioside (Sigma no. N5759),r NP-

b-N-acetylglucosaminide (Sigma no. N9376) and r NPphosphate(Sigma no. 71768)

accordingly. We collected 5 g fresh soil from each unit during the harvest and stored

it in 50 mL centrifuge tubes (Product Nr: 62.547.255, Sarstedt AG & Co., Germany) at

4 °C. The enzyme activity measurement was conducted 2 days after the completion

of the harvest. We mixed 8 mL 50 mM acetate buffer with the 5.0 g fresh soil to form

a soil slurry, vortexed for 30 seconds and pipetted 150 mL slurry into four wells of

each 96-well plate. The process was repeated in four plates because of four types of

measured enzyme activity. After all wells were �lled with soil slurry in a plate, 150

mL enzyme substrate solution was added to the four wells with soil slurry using a 8-

channel pipettor and 150 mL acetate buffer was added to the following two wells as

control. Then the plate was incubated at 20 °C in the dark for 2 hours (phosphatase

and b-glucosidase) or 4 hours (b-D-cellobiosidase and b-N-acetylglucosaminidase).

After the incubation, the plates were centrifuged at a speed of 3000 rpm for 5 mins.

We used a 8-channel pipettor to transfer 100 mL of the upper suspension to a new

96-well plate, where 200 mL of 0.05 M NaOH solution was also added into each well.

The �nal measurement was conducted by a microplate reader (BioRad, Benchmark
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Plus, Japan) to measure the absorbance at a wavelength of 410 nm. The �nal enzy-

matic activity was calculated with the standard curve with the unit of r NP (mmoles)

per hour per gram of dry soil.

2.3.5 Effect size calculation and signi�cance test of single and multiple

factor groups

Data were analyzed with R Version 4.1.1(R Core Team; 2021). For single factor and

multiple factor groups, the effect size and 95% con�dence intervals (CIs) of each

group were estimated with a nonparametric bootstrap method with 10,000 permu-

tations(Efron and Tibshirani; 1986). Considering the multiple testing problem, the

statistical signi�cance of single and multiple factor effects was evaluated by using

adjusted P-values based on the Benjamini-Hochberg method.

2.3.6 Calculating factor dissimilarity

We used the “vegan”(Oksanen J; 2018) R package to calculate the Euclidean dis-

tances between all pairwise factor combinations based on the corresponding stan-

dardized effect sizes of singly applied factors on the seven soil properties (including

four soil enzyme activity, WSA, soil decomposition rate and soil pH). Clustering

of single factors was conducted based on Euclidean distance by using hierarchi-

cal clustering analysis (“ggdendro”(de Vries and Ripley; 2024) and “dendextend”

R packages were used)(FIGURE 2.3). Then, we used principal coordinate analysis

to visualize the distances among factors, resulting in the PCoA1 and PCoA2 axes

explaining 55.43% and 23.38% of the variation respectively (FIGURE 2.4).

For the multiple-factor treatments, we calculated a dissimilarity index (DI) for

each unique factor combination by adding up the Euclidean distances between every

two component factors in the multiple-factor treatments:

DI i = å
j2 Ni

dj (2.2)

, where (i = 1, 2, . . . , 50) is the dissimilarity index of multiple-factor treatment's i th

combination in a speci�c level of number of factors (2, 5, and 8), dj is the Euclidean
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FIGURE 2.3: Clustering factors by seven soil responses.

FIGURE 2.4: Principal coordinates analysis (PCoA) of the Euclidean
distances between single factors.
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distance between the jth two factor pair estimated based on the single factor exper-

iment, and Ni is the set of all unique factor pairs of the treatment i. To compare

dissimilarity indices between different numbers of factor levels, we normalized the

dissimilarity indices of each factor level to a range between 0 and 1 by using the

“range” method of the preProcess function from the “caret” R package(Kuhn M;

2015). To do this, we subtract the minimum value from each dissimilarity index and

divide it by the range of the dissimilarity indices of each number of factor level. The

distributions of normalized factor dissimilarity indices in three factor levels and the

reasons for choosing the normalization method are shown in Appendix FIGURE2.

2.3.7 Correlations between soil responses and factor dissimilarity within

factor levels

To show the changing trend of soil property and function responses across the range

of factor dissimilarity within factor levels, we applied Spearman correlation analy-

ses to the normalized dissimilarity index and soil properties and functions in each

factor level. Estimated P-value and coef�cient are provided respectively for each

correlation.

2.3.8 Predicting effects of multiple co-acting factors by null models

In ecological studies, null models are used for predicting the joint effect of multiple

factors without considering interactions(Schäfer and Piggott; 2018). For commonly-

used null models, the additive model assumes that the joint effect of multiple factors

will be the sum of the effects of the single factors, indicating that the sensitivities of

the target to factors are negatively correlated. The multiplicative model assumes that

the effects of single factors are combined by proportional change, meaning that the

factor sensitivities are non-correlated. In the dominative model, the factor with the

largest absolute effect overrides other factors, implying the factor sensitivities are

positively correlated. To make plausible predictions of multiple-factor effects on soil

responses, we imposed three null model assumptions (i.e., additive, multiplicative

and dominative assumption) for generating predictions for the multiple factor treat-

ments instead of arbitrarily selecting one(Schäfer and Piggott; 2018). For each null
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FIGURE 2.5: Calculating soil response deviation from null model
prediction and net interaction type classi�cation for 150 multi-

factor treatments.

(a) Treatments in the experimental design. Single factor treatments are shown in blue ovals.
Each multi-factor treatment is shown by a red oval. The subscript of a multi-factor

treatment indicates the component factors. (b) Interaction type classi�cation work�ow for
multi-factor treatments. The work�ow includes two parts: (1) estimating the joint response

distributions of component factors of multi-factor treatments; (2) identifying the net
interaction type for multi-factor treatments. For illustration purposes, one two-factor

treatment (includes factor A and B) is taken as an example. In Step 1, we resampled from
each control, single factor A and B treatment with replacement to generate Ci , TAi and TBi.
Then, in Step 2, mean values of each resampled treatment (ci , tai and tbi) are calculated. In
step 3, absolute effect sizes from control (Zai and Zbi) for A and B single factor treatments
are calculated. In step 4, combined effect size of A and B (Zi ) are calculated depending on

different null model assumptions (additive, multiplicative or dominative). Then the control
mean is added to zi to generate predicted joint response (Ti ). Steps 1-4 are repeatedK times
to generate the distribution of the predicted joint response of factor A and B. Then in Step 5,

we compared the actual joint response of factor A and B ( TMab) to the predicted response
distribution. If the actual observation �tted within the 95% con�dence intervals (CIs) of

prediction distribution, then it was regarded as no net interaction. If it did not �t, then we
calculated the rescaled Deviation from Null model prediction (DN). Then we classi�ed the
net interaction type based on the rescaled DN. (c) Visualization of the rescaled DN and net
interaction types of 150 multi-factor treatments. (d) Statistical analsysis of rescaled DN of

soil response across factor dissimilarity index and in three different number of factor
groups.
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model assumption, we applied the calculation methods from a previous study(Rillig

et al.; 2019). For each number of factors level, the unique subset of factor combina-

tions randomly chosen from the 12 factor pool is denoted as An (n = 2, 5, 8). For

each multiple-factor combination Km 2 An (e.g. K1 = [Microplastic, Drought], K2 =

[Antibiotic, Fungicide] ..., K50 = [Salinity, PFAS]; K1, K2, ..., K50 2 A2), Km includes

N component factors, denoted as (Fm1, Fm2, ..., FmN ) (N = 2 for A2, N = 5 for A5, N

= 8 for A8). ESmi is the mean of estimated effect size of the factor Fmi observed from

the single factor treatment. In additive assumption, the predicted effect size of factor

combination Km:

Padditivem =
N

å
i= 1

ESmi (2.3)

Considering each set of An has 50 elements (Km), we applied a bootstrapping method

(with 1,000 iterations; see FIGURE 2.5) for eachKm. EachKm has 1,000 iterated effect

size predictions, in total 50,000 effect size predictions were made for all treatments

for each number of factor level, which should be suf�cient for generating reliable

estimates. Afterwards, the mean value and 95% CI were calculated form the distri-

bution of each factor combination. The same bootstrapping procedures were used

in multiplicative and dominative assuptions. For multiplicaitve addumption, based

on a previous method(Schäfer and Piggott; 2018), the predicted effect size of factor

combination Km is shown as:

Pmultiplicativem = CT
N

Õ
i= 1

�
1 +

ESmi

CT

�
� CT (2.4)

CT is the estimated response of the control group. For the dominative null models,

the predicted effect size is:

Pdominativem = ESmi (jESmi j = max(jESm1 j, jESm2 j, ...,jESmN j)) (2.5)

2.3.9 Hierarchical modeling framework for hypothesis testing

To disentangle the contribution of possible drivers (number of factor effect and factor

dissimilarity effect) on the variability of soil properties and functions in response to

multiple GCFs, a hierarchical modeling framework was implemented (FIGURE 2.6,

Appendix TABLE 1).
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FIGURE 2.6: Structure of hierarchical modeling framework for hy-
pothesis testing.

Structure of hierarchical modeling framework. Different compositions of predictors are
included in Model 1 to 7. Model complexity increases when more predictors are included.

TABLE 2.1: Model formulas for Hierarchical modeling analysis.

Model Model formula
Model 1 Response variables� P1 + P2 + P3
Model 2 Response variables� Number of factors
Model 3 Response variables� Dissimilarity index
Model 4 Response variables� P1 + P2 + P3 + Number of factors
Model 5 Response variables� P1 + P2 + P3 + Dissimilarity index

Model 6
Response variables� P1 + P2 + P3 + Number of factors +
Dissimilarity index

Model 7

Response variables� P1 + P2 + P3 + Number of factors +
Dissimilarity index + salinity + drought + microplastic +
fungicide + herbicide + antibiotics + insecticide +surfactant
+ nitrogen deposition + heavy metals + PFAS + lithium
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To generate robust results, we compared the modeling results generated by both

machine learning and generalized linear model (GLM). In the modeling, data from

all the treatments except for the controls were used. In both algorithms, to sepa-

rate the factor identity effects, the null model predictions (from additive, multiplica-

tive and dominative models) were �rst included as predictors in the baseline model

(Model 1), which is regarded as the soil response variability explained by the contri-

butions of factor identity. Number of factors was solely included as the predictor in

Model 2, and in Model 3 factor dissimilarity indices were included instead. Then, on

the basis of the baseline model, each soil response was modeled by adding the num-

ber of factors or factor dissimilarity indices as an additional predictor in Model 4

and Model 5 respectively. Furthermore, in Model 6, both factor dissimilarity indices

and number of factors were added on the basis of the baseline model. Lastly, factor

composition (i.e., a binary matrix coding the features for each treatment, where 1 or

0 represent the presence or absence of each stressor.) was included as the last pre-

dictor for the �nal model (Model 7). The formula describing each model is shown

in Appendix TABLE 2.1. In Model 7, due to different model algorithms, factor com-

position has a different meaning. For the Random Forest algorithm(Breiman; 2001),

the factor composition stands for all the information from the experimental design

(also includes the information of other predictors, e.g., number of factors), and theo-

retically it can provide the best model �ts. Thus, in the hierarchical modeling frame-

work, the factor composition is only being added at the end to show the variability

that can be explained by the experimental treatments (the randomly-drawn factors).

In the GLM, including factor composition does not stand for the factor identity ef-

fects and also does not have a speci�c statistical meaning in this case. But for com-

parison to the Random Forest model, we still provide the modeling results of Model

7.

We evaluated the variability of soil responses explained by all seven models

with model R2 values (%). To evaluate the contribution of each model predictor,

for the GLM, we compared models by their AIC (Akaike information criterion) val-

ues based on the ANOVA tests (Supplementary Table 7 and 8) and evaluated the

increase in model R-squared values. For the Random Forest models, the contribu-

tion of each model predictor was evaluated by the increase in the model R-squared
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values. To address the statistical inference of predictor contributions in the Random

Forest models, we used a permutation-based random forest model approach with

1,000 permutations to calculate the relative importance of each predictor. Adjusted

P-values of relative importance for each model predictor are shown in Appendix

TABLE 2.

2.4 Results

2.4.1 Effects of individual factors on soil functions and properties

The 12 single factors, our factor pool, produced a variety of responses on soil proper-

ties and functions, including positive, neutral and negative trends (FIGURE 2.7 and

FIGURE 2.8). However, according to the signi�cance tests based on adjusted P val-

ues (n = 8), none of the 12 single factors had signi�cant effects on soil decomposition

rate and four soil enzyme activity. Salinity and drought caused soil pH to increase

(P = 0.019 and < 0.001, respectively, TABLE 2.2), while decreasing the proportion of

water-stable soil aggregates (P = 0.021 and 0.042, respectively, TABLE 2.2).
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TABLE 2.2: Signi�cance test for the effects of single GCFs on soil responses.

Factor N-acetyl-gluc- Cellulase b-glucosid- Phosphatase Decompo- Soil pH Water stable soil

osaminidase activity ase activity activity sition rate aggregate

PFAS 0.833 0.603 0.879 0.819 0.768 0.168 0.181

Copper 0.833 0.603 0.755 0.819 0.813 0.588 0.736

Lithium 0.862 0.603 0.879 0.819 0.768 0.574 0.972

N deposition 0.8362 0.603 0.755 0.819 0.813 0.168 0.816

Antibiotic 0.833 0.603 0.755 0.819 0.813 0.739 0.706

Insecticide 0.833 0.603 0.755 0.819 0.768 0.776 0.335

Surfactant 0.862 0.603 0.755 0.819 0.433 0.805 0.245

Fungicide 0.833 0.603 0.755 0.819 0.071 0.168 0.816

Herbicide 0.833 0.603 0.755 0.819 0.768 0.168 0.971

Microplastic 0.833 0.603 0.755 0.819 0.572 0.168 0.749

Salinity 0.833 0.603 0.755 0.609 0.271 0.001* 0.021

Drought 0.862 0.603 0.755 0.819 0.768 < 0.001* 0.042

Adjusted P values based on Benjamini-Hochberg method obtained from two sided t-tests between each treat-

ment group and controls. (Signi�cant differences with 0.01 < P 0.05 are shown in bold, and P < 0.01 are marked

by * additionally.)

2.4.2 Effects of multiple co-acting GCFs on soil functions and properties

The simultaneous effects of multiple factors on soil functions and properties changed

directionally with an increase in the number of factors. When multiple factors were

applied, water-stable soil aggregates (P < 0.001 for all of 2, 5 and 8 factor groups)

decreased, while soil pH (P < 0.001 for all of 2, 5 and 8 factor groups) increased

compared to control. Soil decomposition rate decreased only in the eight-factor

group (FIGURE 2.7, TABLE 2.3). Activity of b-glucosidase increased in all three

factor groups (P = 0.015 for 2 factor group, P < 0.001 for 5 and 8 factor groups).

Phosphatase activity did not change in any factor group, while activity of N-acetyl-

glucosaminidase and cellulase increased in 5, 8 factors groups and 8 factors group,
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FIGURE 2.7: Effect sizes of soil property responses to single and
multiple factor groups

For each soil property, effect sizes of single factors (n =8) and multiple factor groups (2, 5
and 8 factors, 50 treatments included in each factor group) were estimated [a(1), a(2) and

a(3)]

respectively (P = 0.017, 0.002 and 0.008, respectively) (FIGURE 2.8, TABLE 2.3).

TABLE 2.3: Signi�cance test for the effects of groups in different number of factors on soil re-
sponses.

Number of N-acetyl-gluc- Cellulase b-glucosid- Phosphatase Decompo- Soil pH Water stable soil

factor group osaminidase activity ase activity activity sition rate aggregate

1 (n = 93) 0.843 0.578 0.472 0.933 0.769 < 0.001* 0.012

2 (n = 47) 0.068 0.575 0.015 0.869 0.271 < 0.001* < 0.001*

5 (n = 50) 0.017 0.058 < 0.001* 0.191 0.271 < 0.001* < 0.001*

8 (n = 50) 0.002* 0.008* < 0.001* 0.191 < 0.001* < 0.001* < 0.001*

Adjusted P values based on Benjamini-Hochberg method obtained from two sided t-tests between each treat-

ment group and controls. (Signi�cant differences with 0.01 < P 0.05 are shown in bold, and P < 0.01 are marked

by * additionally.)
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