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Outline of the Thesis 

Climate change is reshaping agroecosystems by altering temperature and precipitation regimes, 

increasing the frequency of extreme events, and intensifying plant stress conditions. In maize 

agroecosystems these shifts not only affect plant morphophysiological traits and yield formation, but 

also influence plant-microbiome interactions, thereby increasing the risk of grain contamination by 

mycotoxins (i.e., aflatoxins and fumonisins) and potentially altering the structure and function of the 

rhizosphere microbiome.  

This PhD Thesis adopts an integrated agroecological framework to investigate how environmental 

drivers operating at different phenological stages shape maize functional traits, modulate grain 

mycotoxin accumulation, and influence the associated rhizobiome, while simultaneously exploring 

sustainable mitigation and monitoring strategies. 

As described in Chapter 1, statistical models integrating climatic variables, soil properties, and plant 

functional traits were developed to predict aflatoxin and fumonisin occurrence in maize grain. Results 

showed that temperature and rainfall patterns exerted stage-dependent effects on mycotoxin 

accumulation, interacting with plant morphophysiological responses. These findings underscore the 

importance of considering phenological timing and trait-mediated mechanisms when modelling 

climate-driven mycotoxin risk. 

Chapter 2 investigates how multi-temporal UAV-based multispectral imagery can be employed to 

monitor maize canopy dynamics throughout the growing season. Multispectral images provided non-

destructive proxies of plant physiological status, improving the interpretation of crop-environment 

interactions and supporting early stress detection. 

In Chapter 3 the environmental modulation of the maize-associated rhizobiome was investigated, 

revealing that climate may directly alter rhizobiome composition rather than acting through climate-

driven shifts in plant phenology. 

Finally, Chapter 4 evaluates the antifungal potential of bio-based extracts derived from agricultural 

and marine by-products as an environmentally friendly alternative to synthetic pesticides. In vitro 

assays demonstrated that extracts from the green macroalga Ulva sp. markedly inhibited the growth 

and conidial germination of Aspergillus flavus, a major maize pathogen responsible for aflatoxins 

production. The high efficacy of Ulva extract highlights the potential of circular economy-derived 

bio-extracts as sustainable tools for mycotoxin management. 

Overall, this research demonstrates that integrating climate-aware statistical modelling, high-

resolution remote sensing, rhizobiome monitoring and sustainable bio-based solutions provides a 

comprehensive strategy to enhance risk prediction, early stress monitoring, and preventive 

management of mycotoxin contamination in maize agroecosystems under climate change.  



 

2  
 

General Introduction 

I. Effects of Climate Change on Agroecosystems 

Global change is an umbrella term encompassing a wide range of human-driven phenomena that are 

altering multiple aspects of our planet (Intergovernmental Panel on Climate Change (IPCC), 2014, 

2023). Among these, climate change is one of the most relevant and extensively investigated topics 

in ecology, given its profound impacts on human society (Godfray et al., 2010; Schmidhuber & 

Tubiello, 2007). In particular, climate change poses one of the major challenges for modern 

agricultural systems, strongly affecting crop productivity, yield stability, and food safety. Rising mean 

temperatures, heat waves and shifts in precipitation patterns are progressively reshaping the 

environmental conditions under which crops grow and develop (Godfray et al., 2010; Mendelsohn, 

2009). Moreover, extreme hydrological events such as severe droughts and torrential precipitation 

events are becoming more frequent (Intergovernmental Panel on Climate Change (IPCC), 2023). In 

addition, the anthropic activities are accelerating these changes, with human capacity to adapt being 

inferior to the velocity of this global change (Sánchez-García & Francos, 2022). 

This extremely challenging scenario leads to complex impacts on plant morphology and physiology 

and on plant–pathogen interactions, modulating fundamental physiological processes and 

developmental trajectories (Cairns et al., 2013; Kang et al., 2009; Lobell et al., 2011; Makowski et al., 

2020). Changes in thermal conditions influence plant enzymatic activity, photosynthetic efficiency, 

respiration rates, and phenological timing, while shifts in water availability affect plant water status, 

stomatal regulation, and nutrient transport (Seleiman et al., 2021; Toscano et al., 2019). Moreover, 

the interaction between heat and water stress often leads to coordinated morphological and 

physiological modifications in plant traits affecting leaf area, canopy architecture, biomass 

partitioning, and water-use efficiency, which ultimately determine plant performance under variable 

environmental conditions. 

Cereal crops are particularly responsive to these climatic drivers due to their reliance on finely tuned 

growth and reproductive processes. In cereals, climate-induced morphophysiological responses 

include (1) increased flowering days, days to maturity and anthesis silk interval, (2) reduced number 

of leaves, (3) abnormally expressed secondary stress responsive traits, and (4) loss of normal root 

architecture, leading overall to a reduction in yield per hectare (Sah et al., 2020). Moreover, stress 

conditions occurring during sensitive phenological stages, such as flowering and grain filling, can 

disrupt source–sink relationships and reduce allocation to reproductive organs (Tsimba et al., 2013). 

Moreover, these morphophysiological shifts not only influence yield formation, but also modify the 

crop microclimate and stress status, potentially increasing susceptibility to biotic pressures, including 

herbivory-induced damage, fungal infection and mycotoxin production. 
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Indeed, plant defences against biotic stresses depend not only on climatic conditions but also on plant 

health status, often mediated by morphological and physiological responses, largely constrained by 

plant plasticity to environment variations (Barnabás et al., 2008; Jin et al., 2023). For instance, cereal 

plants with narrower stylar canal are more resistant to infections (Duncan & Howard, 2010), and 

cultivars with tighter and more complete husks present a physical barrier to insects, reducing in turn 

their susceptibility to fungal infections (Munkvold, 2003). 

Among cereals, maize (Zea mays L.) is one of the most widely cultivated crops worldwide and plays a 

central role in human nutrition, livestock feeding, and industrial applications (FAOSTAT, 2025). 

Despite being considered an efficient water user, its growth and productivity are highly sensitive to 

climatic variability across the growing season: both temperature and rainfall influence key 

developmental processes including vegetative growth, photosynthetic performance, biomass 

allocation, and grain filling (Mendelsohn, 2009). Deviations from optimal climatic conditions, 

particularly during critical phenological stages, can induce thermal and water stress, resulting in 

marked alterations of maize morphophysiological traits and ultimately affecting yield quantity and 

quality. Moreover, climate-driven unfavourable conditions may promote the development of fungal 

pathogens and increase the risk of contamination by mycotoxins such as aflatoxins and fumonisins 

(Battilani et al., 2016; Janić Hajnal et al., 2023; Moretti et al., 2019). The production and accumulation 

of these fungal secondary metabolites are strongly modulated by environmental factors, and their 

occurrence is often facilitated by plant stress conditions, highlighting the need for an integrated 

assessment of climate, plant functional traits, and pathogen dynamics. 

 

II. Strategies and Instruments 

Several agronomic strategies have been proposed to mitigate the negative effects of climate variability 

and biotic stress on maize production. Crop management practices such as optimized irrigation, 

balanced fertilization, appropriate planting density, and crop rotation can contribute to improving 

plant vigour and reducing stress conditions that in turn favour pathogen development (Assefa et al., 

2016; Zhang et al., 2022). In parallel, the choice of maize hybrids plays a crucial role, as genotypes 

differ in their phenology, tolerance to thermal and water stress, resistance to insect damage, and 

susceptibility to fungal infection (Duncan & Howard, 2010; Munkvold, 2003). Breeding efforts have 

led to the development of hybrids with improved stress resilience and enhanced defensive traits, 

which can partially reduce yield losses and contamination risks. 

In addition, preventive biological control strategies have gained increasing attention as sustainable 

tools to limit mycotoxin contamination. The usage of non-toxigenic fungal strains, particularly 

Aspergillus spp. and Penicillium spp., can reduce the prevalence of toxigenic populations through 

competitive exclusion, thereby limiting mycotoxin biosynthesis (Llobregat et al., 2024). This approach 
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represents a promising component of integrated management strategies aimed at reducing 

contamination risks. 

However, the effectiveness of these agronomic and genetic approaches is strongly constrained by the 

increasing variability and unpredictability of climatic conditions. Extreme weather events, shifting 

phenological windows, and complex interactions between abiotic and biotic stressors often exceed 

the adaptive capacity of current management practices and available hybrids. Therefore, traditional 

agronomic strategies and hybrid selection, although essential components of integrated crop 

management, are increasingly insufficient on their own to ensure stable yields and food safety under 

the ongoing climate change. This highlights the need for innovative monitoring and preventive 

approaches that integrate climate-aware monitoring, early warning systems, and sustainable 

preventive strategies to effectively manage emerging risks in maize production systems. 

In this context, recent advances in remote sensing, particularly the use of multispectral imagery 

acquired from unmanned aerial vehicles (UAVs) and satellites, offer new opportunities for high-

resolution, non-destructive evaluation of crop status. Remote sensing data can indeed capture 

variations in canopy structure, pigment content, and physiological performance, providing valuable 

proxies for plant stress and potential disease development (Zhang & Zhu, 2023). 

The concept behind multispectral approaches is that different regions of the electromagnetic 

spectrum provide complementary information on plant status. The visible range (400–700 nm) 

reflects variations in leaf pigments, particularly chlorophyll, allowing assessment of photosynthetic 

activity and visible stress symptoms. The near-infrared (NIR, 700–1100 nm) is strongly influenced 

by leaf internal structure and canopy architecture, providing insights into biomass, leaf area, and 

overall canopy health. The red-edge region, located at the transition between the red and NIR bands 

(approximately 700–740 nm), is particularly sensitive to subtle changes in chlorophyll content and 

stress-related variations, making it a valuable indicator of early physiological alterations before they 

become visually apparent. Finally, the mid-infrared (MIR, 1100–2600 nm) is primarily sensitive to 

leaf and canopy water content, as well as to biochemical constituents such as cellulose and lignin, and 

is therefore closely associated with plant water status, drought stress, and structural changes related 

to senescence or stress-induced tissue degradation. 

By combining reflectance information from these spectral regions, various vegetation indices have 

been developed to quantify plant status in a standardized way (Zhang & Zhu, 2023). Among the most 

widely used is the Normalized Difference Vegetation Index (NDVI), which exploits the contrast 

between red and NIR reflectance to estimate canopy greenness and photosynthetic potential (Carlson 

& Ripley, 1997). Other indices, such as the Soil-Adjusted Vegetation Index (SAVI) (Huete, 1988), 

the Normalized Difference Red-Edge Index (NDRE) (Davidson et al., 2022), and the Inverted Red-

Edge Chlorophyll Index (IRECI) (Frampton et al., 2013) provide additional sensitivity to chlorophyll 

content, light-use efficiency, and early stress detection. These indices enable rapid, large-scale 
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monitoring of plant health, stress response, and potential vulnerability to biotic or abiotic threats, 

complementing traditional field-based assessments. 

Despite the considerable potential offered by UAV-based multispectral sensing in maize research, 

most studies rely on single or limited time points, which may overlook important temporal dynamics 

in crop physiology and stress responses (Agüera Vega et al., 2015). However, plant–environment 

interactions, canopy structure, and spectral signatures change substantially throughout the growing 

season, influencing both the sensitivity and the interpretation of vegetation indices. Repeated 

multispectral observations across key phenological stages would therefore provide a more robust and 

comprehensive assessment of crop status, improving the ability to link spectral traits with 

environmental drivers, stress conditions, and yield- or disease-related outcomes. 

Another widely used technology in the field of remote sensing is Light Detection and Ranging 

(LiDAR). Unlike multispectral sensors, which are based on the measurement of reflected 

electromagnetic radiation, LiDAR is an active sensing system that emits laser pulses and measures 

the time required for the signal to return after interacting with the target. This allows the acquisition 

of highly accurate three-dimensional information on crop structure, independently of ambient light 

conditions (Bento et al., 2025). 

The integration of LiDAR and multispectral approaches therefore represents a promising framework 

for comprehensive, multi-dimensional assessment of crop status, supporting improved monitoring 

of plant stress and associated risks under changing climatic conditions. 

Parallel to the development of monitoring tools, another emerging research avenue focuses on the 

prevention of mycotoxin occurrence through sustainable crop protection strategies. Increasing 

attention is being directed toward the use of bio-based extracts with antifungal or anti-mycotoxigenic 

properties derived from agricultural or agro-industrial by-products (Ahmed et al., 2022). 

Plant-based extracts are characterized by a high content of phenolic acids and terpenes, widely 

recognized for their antioxidant and antimicrobial activity, as well as polysaccharides, which 

contribute to indirect antifungal properties and structural defence (Ahmed et al., 2022; Montibus et 

al., 2021), representing an environmentally friendly and safe alternative to synthetic pesticides (Giorni 

et al., 2023; Makhuvele et al., 2020). Moreover, the chemical compounds composing bio-extracts are 

thought to act synergistically, thereby increasing their efficacy, and to stimulate endogenous plant 

defence mechanisms, ultimately enhancing crop resilience to biotic stress (Caesar & Cech, 2019). 

Their use is further supported by the wide availability of raw biomass in natural and agro-industrial 

systems, as well as by extraction processes that are often less energy-intensive and less polluting than 

conventional chemical synthesis. 

These low-impact solutions, aligned with the principles of circular economy, represent a promising 

alternative to conventional chemical inputs by reducing environmental burden while contributing to 

the valorisation of waste streams. 



 

6  
 

Integrating preventive approaches based on bio-extracts with climate-informed monitoring and 

multispectral remote sensing techniques may enhance the effectiveness of management strategies 

under changing climatic conditions. 

 

III. Aim of the Thesis 

This PhD Thesis aims to clarify how environmental factors, acting at different phenological stages, 

shape maize morphophysiological traits in the field and modulate mycotoxin accumulation in the 

grain, through predictive statistical models integrating plant functional traits and multispectral 

imagery. Moreover, it explores specific aspects that may influence maize morphophysiological traits 

such as the associated rhizobiome and the application of sustainable bio-extracts with antifungal 

properties as preventive tools to mitigate mycotoxin contamination. In particular, this work 

comparatively investigated four low-impact extracts derived from agricultural and agro-industrial by-

products within a circular economy framework evidencing a seaweed extract as the most promising. 
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1. Statistical Models to Predict Mycotoxin 

Occurrence 

Understanding the interactions between environmental conditions, plant growth, and mycotoxin 

accumulation is essential for developing effective mitigation strategies in maize. Environmental 

stressors such as temperature extremes, drought, or excessive rainfall can influence plant 

morphology, physiology, and productivity, ultimately affecting the susceptibility of kernels to 

different mycotoxins. Moreover, the timing of stress during key phenological stages may play a critical 

role in shaping mycotoxin occurrence, highlighting the need to consider plant development dynamics 

in predictive and preventive approaches. In this context, we conducted a field experiment to better 

understand the hidden phenological legacies of environmental stress and plants traits on mycotoxin 

occurrence in maize. 

 

1.1. Article Published in Agriculture, Ecosystems and 

Environment  

Environmental stress, plant traits, and their phenological 

legacies determine mycotoxin content in maize 

Giacomo Boscarol1*, Elisa Petrussa1, Giacomo Trotta1,2, Dora Scarpin1, Enrico Braidot1, Francesco 

Boscutti1,3, Valentino Volpe4, Stefano Barbieri4, Valentina Caron4, Lara Manzoni4, Linda Stel4, 

Michele Fabro4, Marco Vuerich1,3 
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Abstract 
Maize (Zea mays L.), one of the most important staple crops, is highly vulnerable to fungal infection 

by Aspergillus and Fusarium species, which produce aflatoxins and fumonisins respectively. 

Temperature and precipitation interplay in affecting both plant performance and mycotoxin 
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dynamics, but their effects might also depend on plant phenology. Timely identification of risk 

conditions is therefore essential to address preventive strategies. 

In 2022 we monitored 20 rainfed maize fields across a pedo-climatic gradient in NE Italy at four 

phenological stages, namely beginning of stem elongation, end of tassel emergence, milk maturation, 

dent maturation. At each stage we measured plant functional traits representing maize growth and 

morpho-physiology; moreover, at harvest, kernel production and mycotoxins accumulation were 

quantified. All variables were then related to environmental conditions (precipitation, mean 

temperature, soil texture). 

Our results showed that both aflatoxins and fumonisins were strongly related to environmental 

drivers already at stem elongation. The explained variance decreased afterwards but increased again 

at harvest. Fumonisins increased when seasonal rainfall was higher, while aflatoxins content was 

mediated by plant response (plant height and kernel δ13C). 

These findings suggest a strong interplay between crop phenology, stress responses, and the 

occurrence of mycotoxins, shedding new light on the stress-induced vulnerability of plants to 

mycotoxin production. Stress timing is crucial, as it also affects final harvest conditions and points 

out possible underlying plant response legacies. We hence stress the importance of early-season 

monitoring of crops and tailored predictive models to anticipate mycotoxin risk in maize under 

variable climate scenarios. 
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Introduction 

Maize (Zea mays L.) is one of the most important crops worldwide both in terms of yield and cultivated 

area, with more than 1.2 billion tons produced and 200 million hectares cultivated in 2023 

(FAOSTAT, 2025). Driven by the growing human population, the demand for maize is expected to 

increase in the coming years, along with the natural resources required for its cultivation. Among 

these resources, water demand is of great concern: the usage of water in agriculture is a global issue, 

and water shortage has become the main constraint on food security worldwide (Hanjra & Qureshi, 

2010). Agriculture is the largest water-user sector worldwide, accounting for 70% (2 710 km3) of total 

freshwater withdrawals on average (The United Nations, 2013) with cereals consumption showing 

26% of the total water footprint in 2000 (Ercin & Hoekstra, 2014). Therefore, agriculture is one of 

the most vulnerable human activities to climate change, with particular concern to weather variability, 

extreme events and droughts (Mendelsohn, 2009). Optimal maize production requires between 500 
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and 800 mm of water (FAOSTAT, 2025), highlighting its critical role in global agricultural water 

management. Moreover, heat waves and extreme meteorological conditions are rapidly increasing in 

terms of duration, intensity, and frequency (Intergovernmental Panel on Climate Change (IPCC), 

2023), and the combination of heat and drought stresses negatively impacts the yield of major crop 

plants, including cereals such as maize (Cairns et al., 2013; Lobell et al., 2011). 

As a consequence, in the last decades both maize quality and quantity are being threatened, inducing 

a marked increase of mycotoxins (mainly aflatoxins and fumonisins), which are highly toxic for 

humans (Kamle et al., 2019; Kumar et al., 2017; Marasas, 1995; Payne & Brown, 1998). Mycotoxins 

occurrence in maize is closely related to climatic conditions (Battilani et al., 2016; Janić Hajnal et al., 

2023; Moretti et al., 2019), particularly in temperate areas bordering arid Mediterranean climates, such 

as those in the Southern Europe (e.g. Po Valley) (Giorgi, 2006; Giorgi & Lionello, 2008). Janić Hajnal 

et al., (2023) observed that in Serbia and Croatia some of these mycotoxins (i.e., deoxynivalenol and 

zearalenone) seem to depend on extreme level of precipitations, while others (i.e., fumonisins) are 

the result of dry and hot weather followed by warm and wet conditions. Moreover, it has been 

demonstrated that aflatoxin B1 contamination risk in European wheat is expected to increase 

according to temperature raise projected by models (Battilani et al., 2016). 

Plant infection by mycotoxigenic fungi depends not only on climatic conditions but also on plant 

health status, often mediated by morphological and physiological responses, largely constrained by 

the plant plasticity to environment variations (Barnabás et al., 2008; Jin et al., 2023; Lanubile et al., 

2017). For instance, maize plants with narrower stylar canal are more resistant to infections (Duncan 

& Howard, 2010), and maize cultivars with tighter and more complete husks present a physical barrier 

to insects, reducing in turn their susceptibility to fungal infections (Munkvold, 2003). While most 

studies on pathogen occurrence focused on climate-pathogen relationships (Blacutt et al., 2018), less 

attention has been paid to the complex interplay between abiotic factors, plant functional response 

and mycotoxin occurrence. 

Plants respond to drought stress by altering their functional traits (e.g., by reducing leaf area and 

stomatal conductance), resulting in stunted growth and canopy thinning, with negative consequences 

for photosynthesis and productivity (Seleiman et al., 2021; Toscano et al., 2019). Maize has been 

proved to respond to drought and heat stress mainly by (1) increasing flowering days, days to maturity 

and anthesis silk interval, (2) reducing the number of leaves, (3) abnormally expressing secondary 

stress responsive traits, and (4) losing normal root architecture, leading overall to a reduction in yield 

per hectare (Sah et al., 2020). Moreover, soil texture also influences maize growth and productivity 

by modifying N mobilization and water availability (Ziadi et al., 2013). Finally, all these environmental 

factors can interact among each other resulting in complex growth and functional response patterns 

by the plant (Chukwudi et al., 2021). 
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These effects of environmental stress on plants can greatly vary according to the timing and duration 

of stress. In fact, it is already well known that plants at certain phenological stages might be more 

sensitive than others to environmental stresses (García-Tejero et al., 2010; Soares et al., 2021; Yavuz 

et al., 2021). In this light, plant phenology is another important aspect to be considered in climate-

plant-pathogen interactions. In maize, the shift between vegetative and reproductive stages (anthesis) 

and the grain-filling stage are considered the most critical ones, where drought and heat lead to 

significant yield penalty, ranging from 34.3 to 66.2% (López-Galiano et al., 2019; Tsimba et al., 2013).  

To get better insights into the relationships between environmental stress, maize growth, 

productivity, and mycotoxin occurrence we conducted a field observational study along a climate and 

soil gradient in North-Eastern Italy. In particular, we investigated the relationships between 

environment (i.e., temperature, precipitation and soil structure), plant functional response (i.e., plant 

morphological and physiological traits together with productivity data) and grain mycotoxin content 

at different phenological stages. We hypothesized that the environment-plant relationships leading to 

mycotoxin occurrence in the kernels were shaped by the phenological stage of the plant: stress 

experienced by plants during a critical phenological stage may promote mycotoxin proliferation at 

the harvest. In particular, we expected these relationships to be different between aflatoxins and 

fumonisins, the former being favoured by drought and heat stress while the latter by rainy conditions. 

We also expected mycotoxin accumulation to be higher in stressed plants, i.e. the smaller ones. 

Moreover, we expected drought and heat stresses to influence both plant morpho-physiology (e.g., 

by reducing plant height and leaf chlorophyll content) and productivity (e.g., by reducing kernel dry 

weight and increasing kernel δ13C). 

 

Material and methods 

Experimental design 

The study was conducted during summer 2022 in the Friuli Venezia Giulia region in the North-

Eastern part of Italy, corresponding to the plain sector of the region (45°44′56′′N, 12°59′56′′E to 

46°11′52′′N, 13°29′56′′E; Figure 1A). The climate is characterized by a mean annual temperature of 

13 °C and an average annual precipitation ranging from 1100 to 1600 mm. The main crops grown in 

the area include maize, soybean, winter cereals (primarily barley and wheat), and grapevine. In this 

area 20 not irrigated (rainfed) maize fields were selected along a climatic and soil gradient (Figure 1A, 

Table S1). In each sample site maize hybrids belonging to FAO 500 maturity class were sown in 

between the 10th of April and the 3rd of May 2022, and a sampling area of 225 m2 (15 x 15 m) was 

selected. Plant traits were measured four times along the growing season, corresponding to 

phenological stages 30 (T1, beginning of stem elongation), 59 (T2, end of tassel emergence), 73 (T3, 

milk maturation) and 89 (T4, dent maturation) of BBCH scale for cereals (Lancashire et al., 1991; 
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Meier, 2018). The sampling for the quantification of maize production and mycotoxin content was 

performed right before the harvest (stage 99, harvested product, T5) (Figure 1A). 

Figure 1 Experimental area and design. (A) Each dot represents a sampling site of 225 m2 within a maize field. 

Environmental data were collected along the whole season; plant traits were measured four times (T1–T4); 

quantification of maize production and mycotoxin content was performed at the harvest (T5). T1: beginning 

of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: dent maturation; T5: harvest. (B) 

Hypothesised causal relationships. 

 

Data collection 

Soil and Climate 

A sample of the first 35 cm of soil, corresponding to the ploughed layer, was collected at the centre 

of each plot using a soil core sampler and transported to laboratory (Regional Agency for Rural 

Development, ERSA) for soil texture analyses. The analyses covered the percentage of sand, silt and 

clay, the total limestone, the organic carbon content and the quantity of phosphorus (mg kg-1). All 

analyses were performed in accordance with the Italian official protocol for soil chemical analysis 

(Metodi ufficiali di analisi chimica del suolo, 1999). 

Climate data were provided by the Regional Environment Protection Agency (ARPA, Friuli Venezia 

Giulia) as GeoTIFF raster format with a spatial resolution of 500 × 500 m pixel-1, derived from a 

network of >60 permanent monitoring stations. The dataset provided daily records of precipitation 

and mean temperature. For each sampling area, when more than one pixel was included inside the 

sampling plot, the mean value across pixels was used. For each phenological stage, cumulative 
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precipitation (sum of daily values, mm) and mean temperature (average of daily temperatures, °C) 

were then calculated for the period between sowing and the corresponding sampling date. 

Maize growth and functional traits 

In each sampling area and at each sampling time the growth of maize was assessed by measuring the 

height of five random plants, not including the male inflorescence when present. Moreover, the last 

fully expanded leaf was randomly collected from 10 different individuals (10 leaves in total), sealed 

in moistened plastic bags, stored in portable refrigerators and transported to the laboratory. Pictures 

of five leaves were acquired with digital camera, and the size of each leaf (cm2) was determined with 

the software ImageJ (Schindelin et al., 2012). The same leaves were further weighed to determine 

fresh mass (FW), dried at 70 °C for 72 h and weighed again to quantify dry mass (DW). Specific leaf 

area (SLA, cm2 g−1) and dry matter content were calculated from the dry mass, leaf area and fresh 

mass according to Pérez-Harguindeguy et al., (2013). Two one-centimetre radius disks were collected 

from the middle part of the lamina of each of the remaining five leaves, avoiding the midrib, and 

processed to quantify chlorophyll, carotenoids, and flavonoid content. The disks were ground into 

fine powder under liquid nitrogen. Chlorophyll a and b and carotenoid concentration analyses were 

performed following Marchiol et al., (2019) protocol and expressed as micrograms per gram of fresh 

weight (μg gFW
-1). For the calculation methods see Wellburn (1994). Flavonoid content was quantified 

according to the method described by Filippi et al. (2021), with minor changes and expressed as 

quercetin-equivalent content per gram of fresh weight (μg quercetin-eq g-1). 

Maize production 

At the harvest, ten ears per plot were randomly collected from different individuals, sealed in 

moistened plastic bags, stored in portable refrigerators, and transported to the laboratory. After 

removing the bracts and the cob, kernels were dried at 70 °C for 72 h and weighed to obtain their 

dry mass. The dry biomass of kernels was then used to measure carbon (C) and nitrogen (N) content 

and their isotopic signature (δ¹³C). Each dry sample was homogenized using a grinding mill. Then, a 

subsample was ball-milled and used for the analysis. The C and N content and the isotopic signature 

analyses were performed using a CHNS Elemental Analyser (Vario Microcube, © Elementar) 

coupled to a stable isotope ratio mass spectrometer (IRMS; Isoprime 100, © Elementar). 

Mycotoxin quantification 

The remaining part of the milled kernels was used for mycotoxin quantification at the ERSA 

laboratory. Samples were hydrated with a 0.1% v/v formic acid solution and then extracted with 

acetonitrile. The aqueous and organic phases were separated by adding a mixture of salts: magnesium 

sulphate to promote the passage of analytes in the organic phase, sodium chloride to decrease the 

residual water content in the organic phase, and a mixture of citrates (i.e., trisodium citrate dihydrate 

and disodium hydrogen citrate sesquihydrate) to maintain a slightly acidic pH. The organic phase was 

then removed and placed at -18°C overnight to remove fatty substances by precipitation. After 
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filtration, instrumental analysis was performed using LC-HRMS spectrometer, using the labelled 

isotopes for each toxin as analytical standards.  

The concentration (ppb) of the following mycotoxins was obtained: aflatoxin B1, aflatoxin B2, 

aflatoxin G1, aflatoxin G2, deoxynivalenol, fumonisin B1, fumonisin B2, fumonisin B3, HT-2 and 

zearalenone. Because of the low content of other mycotoxins, we focused our analyses on the total 

amount of aflatoxins (calculated as the sum of aflatoxin B1 and B2) and the total amount of 

fumonisins (calculated as the sum of fumonisin B1 and B2). 

 

Data analysis 

Initially, individual measurements of plant traits were pooled for each plot to calculate the mean 

value. Data were subdivided into four categories: environmental data, plant growth and functional 

traits, plant productivity data and mycotoxin occurrence data. We assumed the following causal 

framework: plant growth and functional traits are only affected by the environment; both 

environment and plant growth and functional traits affect plant productivity; all the previous 

categories affect mycotoxin occurrence (Figure 1B). 

In order to check for multicollinearity among explanatory variables, we computed a correlation matrix 

(Pearson’s r) of the explanatory variables considered in the models using in the “corrplot” R package 

(Taiyun & Viliam, 2021). To avoid collinearity in the models, variables were excluded from the full 

models when correlations were higher than |0.65| in at least one paired combination and at least one 

sampling time (Dormann et al., 2013). As a result, we considered the following variables: daily mean 

temperature, cumulative daily precipitation, and soil clay content as environmental predictors; plant 

height as a measure of plant growth; total chlorophyll content and SLA regarding leaf functional 

traits; kernel δ¹³C and kernel DW as indicators of plant productivity; and the total amounts of 

aflatoxins and fumonisins. 

We then tested separate linear models to assess (1) the effects of environmental predictors on plant 

growth and functional traits, (2) the effects of environmental predictors, plant growth, and functional 

traits on plant productivity, and (3) the effects of all selected predictors on aflatoxins and fumonisins 

separately for each phenological stage (Table S2). The assumptions of the full models were verified 

using diagnostic plots of the residuals. If model assumptions were not satisfied, standard 

transformations (i.e., logarithmic, square root, and exponential) were applied (Table S2). 

Subsequently, to identify the most relevant explanatory variables for each model, we employed a 

manual backward selection procedure starting from each full linear model: variables were iteratively 

removed based on their lack of statistical significance (p-value > 0.05). 

In order to represent the actual contribution of environmental, plant growth and functional 

predictors, while accounting for the variance explained by the final plant productive effort, all 

environmental predictors and plant traits were referred to each phenological stage from T1 to T4, 
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with plant productivity additionally included at each stage. This approach allowed us to identify which 

of the phenological stages analysed contributed most to the final occurrence of mycotoxins, while 

accounting for the plants’ final productivity. To quantify that, for all the models of aflatoxins and 

fumonisins, we calculated the relative importance of each predictor, which represents the percentage 

of variance explained by each independent variable, using the “relaimpo” R package (Groemping, 

2006). 

All the graphs of the linear models were created with the “visreg” R package (Breheny & Burchett, 

2017). All statistical analyses were performed with R v4.5.0 and RStudio v2025.09.0-387 (R Core 

Team, 2023). 

 

Results 

Effects of environmental conditions on maize growth and functional traits across 

phenological stages 

 Phenology Predictor Df F-value p-value R2 

Chlorophyll 

T1 - - - - - 

T2 - - - - - 

T3 - - - - - 

T4 - - - - - 

Plant Height 

T1 

(Intercept) 1,17 13.7408 0.002 ** 

0.29 Temperature 1,17 6.4465 0.021 * 

Clay 1,17 4.0897 0.059 . 

T2 - - - - - 

T3 - - - - - 

T4 
(Intercept) 1,15 54.121 <0.001 *** 

0.63 
Precipitation 1,15 27.834 <0.001 *** 

log(SLA) 

T1 - - - - - 

T2 

(Intercept) 1,16 9.0933 0.008 ** 

0.66 Temperature 1,16 7.9643 0.012 * 

Clay 1,16 26.3443 <0.001 *** 

T3 
(Intercept) 1,18 149.9188 <0.001 *** 

0.28 
Precipitation 1,18 8.3954 0.009 ** 

T4 - - - - - 

Table 1 ANOVA outcomes for reduced models explaining the variance of leaf chlorophyll content, plant 

height and SLA across phenological stages. T1: beginning of stem elongation; T2: end of tassel emergence; T3: 

milk maturation; T4: dent maturation. 
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Among the maize growth traits, leaf chlorophyll content did not show any significant relationship 

with the environmental predictors considered at any of the phenological stages tested (see Table 1). 

Leaf chlorophyll content values varied between 0.34 and 2.74 μg gFW
-1, with a mean of 1.61±0.55 μg 

gFW
-1. 

Plant height varied from an average of 150.5±50.0 cm at T1 to 251.8±36.3 cm at T4, the minimum 

being 75.4 cm at T1 and the maximum being 312.2 cm at T4. Plant height at T1 was significantly 

affected by environmental conditions (Table1), explaining 29 % of the total variation in maize height. 

In particular, plant height was negatively related to daily mean temperature and clay content (Figure 

2A-B; R2 = 0.29). There were no significant effects of environmental predictors at T2 and T3, while 

at T4 plant height was strongly positively related to the total amount of rain throughout the whole 

growing season (Figure 2C; R2 = 0.63). 

SLA values varied from 16.2 cm2 g−1 to 55.3 cm2 g−1, with a mean of 32.5±7.4 cm2 g−1. No statistically 

significant relationship was found at T1 (see Table 1). At T2 SLA was strongly positively related to 

both clay content and mean temperature experienced by plants from the sowing up to the sampling 

date (Figure 2D-E; R2 = 0.66). We also found a positive relationship at T3 between SLA and the total 

precipitation occurred from the beginning of the season (Figure 2F; R2 = 0.28). No statistically 

significant relationship was found at T4 (see Table 1). 

 

Figure 2 Reduced linear models explaining the variance of plant height and SLA over phenological stages. T1: 

beginning of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: dent maturation. 
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Effects of environmental conditions and plant functional response on maize 

production and kernel physiological traits over phenological stages 

 Phenology Predictor Df F-value p-value R2 

δ¹³C 

T1 
(Intercept) 1,17 226.3401 <0.001 *** 

0.25 
SLA 1,17 6.8894 0.018 * 

T2 - - - - - 

T3 - - - - - 

T4 - - - - - 

T5 
(Intercept) 1,17 3206.141 <0.001 *** 

0.25 
Precipitation 1,17 7.0601 0.017 * 

DW kernel 

T1 
(Intercept) 1,17 2.016 0.174  

0.21 
SLA 1,17 5.6894 0.029 * 

T2 - - - - - 

T3 
(Intercept) 1,17 0.0314 0.861  

0.18 
Plant height 1,17 4.9145 0.041 * 

T4 - - - - - 

T5 - - - - - 

Table 2 ANOVA outcomes for reduced models explaining the variance of kernel δ¹³C and kernel DW over 

phenological stages. T1: beginning of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: 

dent maturation; T5: harvest. 

 

Kernel δ13C varied between -13.6 ‰ and -12.1 ‰ with an average of -12.8±0.4 ‰. Kernel δ13C was 

positively related to SLA at T1 (Figure 3A; R2 = 0.25). No statistically significant relationship was 

found between T2 and T4 (Table 2). Kernel δ13C was positively related to the total precipitation 

throughout the entire growing season at T5 (Figure 3B; R2 = 0.25). 

Kernel dry weight varied from 18.7 g to 202.3 g, with a mean of 116.8±47.9 g. Kernel DW was 

positively related to SLA at T1 (Figure 3C; R2 = 0.21) and to plant height at T3 (Figure 3D; R2 = 

0.18). No statistically significant relationship was found at T2, T4 and T5 (Table 2). 
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Figure 3 Reduced linear models explaining the variance of kernel δ13C and kernel DW over phenological stages. 

T1: beginning of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: dent maturation; T5: 

harvest. 

 

Relationship between kernel aflatoxins and fumonisins, environmental variable and 

plant functional response over phenological stages 

 

 Phenology Predictor Df F-value p-value R2 

log(Aflatoxins) 

 
 

 

 

 

T1 

(Intercept) 1,16 6.6887 0.019 * 

0.54 Plant height 1,16 19.9997 <0.001 *** 

δ13C 1,16 8.7648 <0.001 ** 

T2 - - - - - 

T3 - - - - - 

T4 - - - - - 

T5 

(Intercept) 1,15 6.4 0.023 * 

0.24 
Precipitation 1,15 5.9354 0.028 * 

δ13C 1,15 5.2304 0.037 * 

Clay 1,15 3.9039 0.068 . 
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Fumonisins 

T1 

(Intercept) 1,17 35.537 <0.001 *** 

0.56 Clay 1,17 12.374 0.003 ** 

Plant height 1,17 22.119 <0.001 *** 

T2 
(Intercept) 1,18 10.248 0.005 ** 

0.36 
Temperature 1,18 11.725 0.003 ** 

T3 
(Intercept) 1,18 9.7121 0.006 ** 

0.34 
Temperature 1,18 10.9696 0.004 ** 

T4 

(Intercept) 1,14 23.144 <0.001 *** 

0.62 Temperature 1,14 18.608 <0.001 *** 

Plant height 1,14 14.281 0.002 ** 

T5 
(Intercept) 1,18 11.786 0.003 ** 

0.63 
Precipitation 1,18 32.571 <0.001 *** 

Table 3 ANOVA outcomes for reduced models explaining the variance of aflatoxins and fumonisins over 

phenological stages. T1: beginning of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: 

dent maturation; T5: harvest. 

 

As shown in Supplemental Figure S1, the importance of environment, plant growth and functional 

traits and plant productivity in shaping the final mycotoxin contamination varied over time and 

between aflatoxins and fumonisins. Aflatoxin variance was initially mostly explained by plant growth 

and functional traits and productivity (T1), with productivity remaining a relevant—though not 

statistically significant—factor throughout the season, mainly due to kernel δ13C. At T3 (early milk 

maturation) both precipitation and SLA became important, even if not statistically significant. At the 

end of the season (T5) the total seasonal precipitation and kernel δ13C were the most important 

predictors in explaining aflatoxins variance. 

The variance of fumonisin models had a very different pattern: plant growth and functional traits and 

productivity declined in importance in favour of environmental drivers. Throughout the vegetative 

phases (T1-T4), temperature played a leading role, while at T5 total seasonal rainfall emerged as the 

primary explanatory variable. 

Overall, fumonisins resulted to be strictly related to the environment (both temperature and 

precipitation), while aflatoxins – although strongly influenced by environmental factors – were also 

mediated by the plant growth and functional response to the environmental conditions. 

Aflatoxins varied between 0.0 ppb and 250.0 ppb, with a mean of 27.7±61.8 ppb. The model selection 

highlighted that aflatoxins concentration at T1 was strongly negatively related to plant height and 

final kernel δ13C (Figure 4A-B; R2 = 0.54). No statistically significant relationship was found between 

T2 and T4 (Table 3). At T5 aflatoxins concentration decreased with kernel δ13C and increased with 

both total precipitation and clay content (Figure 4C-E; R2 = 0.24). 
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Fumonisins varied between 0.0 ppb and 25244.0 ppb, with a mean of 5474.3±7466.2 ppb. 

Fumonisins concentration at T1 was negatively related to both clay content and plant height (Figure 

4F-G; R2 = 0.56). At T2 and T3 fumonisins increased with increasing temperatures (Figure 4H-I; R2 

= 0.36 and 0.34 respectively), while at T4 it increased with both temperature and plant height (Figure 

4J-K; R2 = 0.62). At T5 the total precipitation strongly positively influenced the final presence of 

fumonisins (Figure 4L; R2 = 0.63). 

Figure 4 Reduced linear models explaining the variance of mycotoxins over phenological stages. T1: beginning 

of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: dent maturation; T5: harvest. 
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Discussion 

This study aimed to investigate the temporal dynamics of environmental and plant-related predictors 

influencing mycotoxin contamination in the field (i.e., aflatoxins and fumonisins) at different stages 

of plant phenology. The results highlighted both mycotoxin-specific and phenological stage-specific 

sensitivities to the drivers. In particular, we demonstrated that environmental conditions at the early 

stages of phenology can exert a legacy effect on the final accumulation of mycotoxins in the kernels. 

This pattern was especially evident for fumonisins, which were strongly related to temperature trends 

during plant growth. In contrast, aflatoxin contamination appeared to be more strongly associated 

with the plants’ responses to stress over time. 

 

Effects of environmental condition on maize growth and functional response over 

phenological stages 

Contrary to expectations, chlorophyll content showed no significant dependence on the tested 

environmental variables. Our results suggest a strong capacity of maize to acclimate the pigment 

contents even at very different phenological stages and environmental conditions (Ciganda et al., 

2008; Drozak & Romanowska, 2006). 

The plant height during the considered phenological stages was consistent to what indicated in the 

BBCH scale for cereals (Lancashire et al., 1991; Meier, 2018), reaching its maximum already at T2 

(end of tassel emergence). Also values of SLA were in line with other studies conducted on maize (L. 

L. Xu et al., 2017). 

Plant height and specific leaf area (SLA) responded to environmental drivers in a time-dependent 

manner. At the beginning of stem elongation (T1), height decreased with increasing temperature and 

clay content, pointing to potential early heat stress when high temperatures were combined with high 

water storage capability. This decrease in plant elongation might be related to a necessary investment 

by the plant in developing a more structured root system (S. Yan et al., 2022). Plant height increased 

at T4 when high seasonal precipitation was observed, indicating the importance of water availability 

during the whole growing season. The dependence of maize height on water availability and 

temperature is commonly observed as a plant response to climate stresses (Laskari et al., 2022; Ma et 

al., 2008; Sunoj et al., 2016). SLA at T2 increased with temperature and clay content, reflecting a rapid 

growth in warmer and finer-textured soils, probably due to a generalized non-limiting water condition 

(Rosbakh et al., 2015; Zhou et al., 2020). At T3, SLA was positively related to precipitation, suggesting 

a plastic response to increased water availability, possibly enhancing light interception and hence 

photosynthetic efficiency under more favorable conditions. 
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Taken together, all these conditions support the hypothesis that favorable plant growing conditions 

are necessary for toxins development, except for the initial stage (T1) where both aflatoxins and 

fumonisins took advantage from a low plant height. 

 

Effects of environmental condition and plant growth and leaf functional traits on 

maize production and kernel physiological traits over phenological stages 

δ¹³C is a widely used proxy for assessing physiological response related to drought stress and stomatal 

dynamics in plants. In C3 plants’ leaves it typically tends to increase (become less negative) under 

water-limited conditions, while C4 plants are less sensitive to environmental factors, as a lower 

correlation with water shortage has been reported (Dercon et al., 2006; Murphy & Bowman, 2009). 

Moreover, literature provides rare yet clear evidence of a variable trend in various C4 plant species, 

ranging from negative to positive correlations with water availability (Weiguo et al., 2005). In addition, 

some studies found that both leaf and kernel Δ13C (which is the isotopic discrimination and is 

inversely related to δ¹³C) increases in drought conditions in both sorghum (Williams et al., 2001) and 

maize (Cabrera-Bosquet et al., 2009) (C4 plants). Moreover, some authors recently found that δ¹³C 

values are positively correlated with water availability in pearl millet and others C4 plants (Flohr et 

al., 2019; Murphy & Bowman, 2009; Sanborn et al., 2021). Although a comprehensive explanation 

for δ¹³C trend in C4 plants is still lacking, the most frequently cited hypothesis is that C4 

discrimination power against ¹³C is partially influenced by CO2 leakage from the bundle sheath cells 

to the mesophyll cells, which can result in higher rather than lower Δ13C when the internal CO2 

concentration decreases (Farquhar, 1983; Henderson et al., 1992). 

In addition, nitrogen fertilization is often cited as a further confounding factor, as it is closely linked 

to water uptake, photosynthesis and stomatal conductance and can consequently affect the δ¹³C 

pattern (Xing et al., 2021; Yang et al., 2021). In this perspective, although not in line with the majority 

of studies, our findings are nonetheless supported by years of similar results. 

Finally, in our study, kernel dry weight (DW) was positively associated with SLA at the beginning of 

stem elongation (T1) and with plant height at the end of tassel emergence (T3), indicating that early 

vigor and vegetative growth during critical periods contribute to final yield (Golam et al., 2011; L. 

Zhang et al., 2022). 

At the beginning of stem elongation (T1), SLA proved to be a better indicator of early stress 

conditions that may leave a legacy affecting the final grain production (Golam et al., 2011). Plants 

exhibiting a higher SLA at this stage, typically associated with thinner leaves and lower structural 

investment per unit leaf area, appeared to experience lower physiological stress (Liu et al., 2023; 

Scheepens et al., 2010), which was later reflected in greater kernel dry weight (DW) (L. Zhang et al., 

2022). This suggests that an early acclimation strategy based on maintaining high SLA may allow 

plants to optimize resource use efficiency and preserve photosynthetic potential during the 
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reproductive phase. Later in season (T3), kernel DW became more closely related to plant height, 

indicating that once the canopy is fully developed, structural vigor and biomass accumulation play a 

greater role in determining yield. Together, these results suggest a temporal shift in the traits linked 

to productivity: during early development, physiological traits such as SLA capture the plant’s capacity 

to cope with environmental stress, while at later stages, morphological traits like plant height better 

reflect the plant’s ability to sustain grain filling and final yield. 

These results underline the importance of early physiological traits and mid-season biomass 

accumulation for yield determination. 

 

Relationships between kernel aflatoxin and fumonisin, environmental variables and 

plant functional response over phenological stages 

Our results highlight both mycotoxin-specific and phenological stage-specific sensitivities to the 

drivers. 

Regarding aflatoxins, the best model in terms of explained variance was the one at the beginning of 

stem elongation (T1): aflatoxin concentration decreased with plant height and δ¹³C (R2 = 0.54). At 

the same phenological stage, plant height decreased with temperature and clay content in the soil, 

while δ¹³C increased with SLA. Overall, higher temperatures before maize stem elongation resulted 

in shorter plants at T1, which at the harvest had higher concentrations of aflatoxins. This is consistent 

with previous studies on aflatoxin contamination in maize (Kos et al., 2018; Pleadin et al., 2023). This 

result indicates that early (T1) morphological plant responses to the environment may leave a legacy 

affecting the aflatoxins accumulation at the harvest (T5). 

Flowering is often highlighted as a highly sensitive stage, as described by Bailly et al., (2025), but high 

temperatures and low rainfall during the early maturation stage resulted in higher risk of aflatoxin 

contamination in the study of Temba et al., (2021). In our study, aflatoxin contamination increased 

with seasonal precipitation, probably meaning that low-precipitation fields presented too low 

humidity for A. flavus to properly grow and produce mycotoxins. Indeed, some studies indicate that 

A. flavus does not grow properly nor produce aflatoxins in low relative humidity conditions in vitro 

(Choi et al., 2015; Pratiwi et al., 2015). 

Aflatoxin concentration was higher in plants whose kernel δ¹³C values were lower. This pattern may 

reflect a reduced ability of these plants to fully exploit the photosynthetic efficiency typical of C4 

plants. Such an interpretation may be plausible given that these plants also received more rainfall, 

likely under more cloudy conditions, which could have limited their C4 photosynthetic efficiency and 

in turn favored the high 13C discrimination of Rubisco. 

An interesting hypothesis regarding the functional role of aflatoxins was formulated by Reverberi et 

al., (2021): aflatoxins produced by Aspergillus flavus during stable growth may act as strong antioxidants 

enhancing its tolerance to oxidative stress. This is consistent with active resistance against the 
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pathogen by the plant host and a consequent fungal functional response. Although fungal growth 

may be enhanced in stressed plants, the peak of mycotoxin accumulation appears to be associated 

with a high level of resistance in maize and the consequent oxidative conditions that are critical for 

the pathogen survival. These observations could explain that vigorous and well-watered plants 

produced strong oxidative defenses and induced the fungus to synthesize aflatoxins as response 

(Reverberi et al., 2022). On the other hand, the higher susceptibility to mycotoxins in stressed plants 

could be explained considering that δ¹³C values refer to the kernel reserves, and not to carbohydrates 

invested in vegetative metabolism. 

Regarding fumonisins, the best model in terms of explained variance was the one at T5: fumonisin 

concentration increases with seasonal precipitation (R2 = 0.63). We also found positive relationships 

with temperature at T2, T3 and T4. This is consistent with the results of many previous studies (Picot 

et al., 2010; Santiago et al., 2015). Nevertheless, Santiago R. et al., (2015) concluded that climatic 

conditions cannot satisfactorily explain differences in fumonisin contamination among different 

environments. Although greater fumonisin contaminations were often associated with warmer or 

drier years, some studies have pointed out the lack of a clear association between drought and 

fumonisin contamination because seasons with combined conditions of warm weather and high 

precipitation before harvest resulted in higher fumonisin accumulation (Santiago et al., 2015). This 

would confirm our results, in which fumonisin concentration is mainly related to pre-harvest 

precipitation and to high temperature during intermediate phenological stages. 

Fumonisins in our study were also strongly negatively related at T1 to plant height and clay content 

(R2 = 0.56), suggesting that more vigorous and well hydrated plants were probably more able to 

reduce fumonisin accumulation. 

Overall, our findings highlight the potential of this approach to identify early plant–environment 

interactions and physiological legacies of stress across phenological stages, providing new insights 

into how transient conditions during vegetative growth can shape the final outcome of aflatoxin 

contamination at harvest. 

 

Conclusions 

This study provides evidence that both aflatoxin and fumonisin contamination in maize are shaped 

by dynamic interactions between environmental conditions and plant growth and leaf functional traits 

responses across phenological stages. While some plant traits, such as chlorophyll content, appeared 

to be genetically determined and environmentally insensitive, others (e.g., plant height and SLA) 

responded variably to environmental drivers depending on timing and specific stress factors. 

Grain yield components, including kernel δ¹³C and dry weight, were also influenced by early 

functional traits, confirming the importance of early vigour and mid-season biomass accumulation 

for productivity. 
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Interestingly, aflatoxins and fumonisins showed distinct temporal sensitivities: aflatoxins were 

influenced not only by environmental conditions (such as high temperatures and low rainfall early in 

the season) but also by plant responses like height and kernel δ¹³C, particularly at the beginning of 

stem elongation (T1). This suggests that aflatoxin risk is partially mediated by the plant’s physiological 

ability to cope with stress. Conversely, fumonisin contamination was more consistently and directly 

linked to environmental conditions, especially temperature during vegetative growth and rainfall prior 

to harvest. The strong positive relationship with total seasonal precipitation at the harvest (T5) 

suggests that warm and wet conditions in the later phenological stages are critical for fumonisin 

production. 

These findings reinforce the need for a multi-stage, integrative approach in mycotoxin risk 

assessment. Studying the crop-environment-pathogen system across phenological stages allows for 

the identification of critical windows of vulnerability and highlights the potential for early-stage 

intervention. Moreover, the dent stage also emerges as a strategic phase for mitigation, where 

practices such as avoiding excessive irrigation may reduce fungal growth and toxins accumulation. 

Overall, this temporal perspective opens new avenues for sustainable, targeted management of 

mycotoxin risks in maize under changing climatic scenarios. 
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1.2. Supplementary Materials 

Locality Coordinates 
Altitude 

(m) 

Soil (%) Mean Temperature 

(°C) 

Precipitation 

(mm) Sand Silt Clay 

Adegliacco 46° 7′ 34.7″ N, 13° 14′ 10.66″ E 148 51 31 18 21.7 307 

Aquileia 45° 45′ 17.46″ N, 13° 21′ 19.43″ E 1 15 52 33 22.3 150 

Aquileia 45° 44′ 54.07″ N, 13° 21′ 52.04″ E 0 39 33 28 22.3 148 

Campolongo 45° 50′ 52.31″ N, 13° 24′ 43.41″ E 15 42 46 12 23.7 328 

Caporiacco 46° 8′ 39.37″ N, 13° 6′ 20.13″ E 184 41 43 16 22.0 318 

Casarsa 45° 58′ 22.97″ N, 12° 51′ 42.65″ E 50 38 51 11 22.6 305 

Fagagna 46° 7′ 24.1″ N, 13° 5′ 43.69″ E 188 42 42 16 21.7 362 

Majano 46° 12′ 13.31″ N, 13° 3′ 19.68″ E 158 41 44 15 22.0 577 

Mels 46° 10′ 16.15″ N, 13° 5′ 58.59″ E 161 15 60 25 22.3 365 

Povoletto 46° 8′ 27.85″ N, 13° 17′ 24.89″ E 145 19 53 28 21.3 354 

Povoletto 46° 8′ 27.81″ N, 13° 17′ 42.8″ E 143 40 44 16 21.3 354 

Puja 45° 53′ 5.27″ N, 12° 33′ 15.83″ E 14 9 61 30 22.8 217 

Rivoli 46° 13′ 5.63″ N, 13° 2′ 56.23″ E 159 40 47 13 21.8 602 

San Giorgio di Nogaro 45° 46′ 41.41″ N, 13° 13′ 26.24″ E 0 36 46 18 22.3 170 

San Quirino 46° 0′ 49.57″ N, 12° 42′ 57.59″ E 70 15 75 10 22.4 340 

San Vito di Fagagna 46° 5′ 2.27″ N, 13° 3′ 52.97″ E 124 47 39 14 22.3 314 

San Vito al Tagliamento 45° 53′ 29.82″ N, 12° 52′ 53.72″ E 23 17 69 14 20.0 203 

San Vito al Tagliamento 45° 53′ 15.41″ N, 12° 51′ 54.98″ E 22 17 69 14 20.1 204 

Tiezzo 45° 53′ 38.46″ N, 12° 40′ 52.66″ E 14 17 55 28 23.0 212 

Vivaro 46° 6′ 26.57″ N, 12° 47′ 9.23″ E 163 33 58 9 21.3 421 

 

Table S1 List of the sampling sites. Coordinates of the central point of each 225 m2 (15 x 15 m) sampling area 

are reported in geographic coordinate system (latitude/longitude, WGS84 datum), in degrees–minutes–seconds 

(DMS) format. Temperatures and precipitation are referred to 2022 growing season (sowing to harvest). 
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Y Variable Phenology Full model 

P
la

n
t 

h
ei

gh
t 

T1 Y ~ Temperature + Precipitation + Clay 

T2 Y ~ Temperature + Precipitation + Clay 

T3 Y ~ Temperature + Precipitation + Clay 

T4 Y ~ Temperature + Precipitation + Clay 

T5 Y ~ Temperature + Precipitation + Clay 

C
h

lo
ro

p
h

yl
l 

T1 Y ~ Temperature + Precipitation + Clay 

T2 Y ~ Temperature + Precipitation + Clay 

T3 Y ~ Temperature + Precipitation + Clay 

T4 Y ~ Temperature + Precipitation + Clay 

T5 Y ~ Temperature + Precipitation + Clay 

S
L

A
 

T1 Y ~ Temperature + Precipitation + Clay 

T2 log(Y) ~ Temperature + Precipitation + Clay 

T3 log(Y) ~ Temperature + Precipitation + Clay 

T4 Y ~ Temperature + Precipitation + Clay 

T5 Y ~ Temperature + Precipitation + Clay 

K
er

n
el

 D
W

 

T1 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll 

T2 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll 

T3 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll 

T4 Y ~ Temperature + Precipitation + Clay + Plant height + SLA 

T5 Y ~ Temperature + Precipitation + Clay + Plant height 

K
er

n
el

 δ
1
3
C

 

T1 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll 

T2 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll 

T3 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll 

T4 Y ~ Temperature + Precipitation + Clay + Plant height + SLA 

T5 Y ~ Temperature + Precipitation + Clay + Plant height 

A
fl

at
o

xi
n

s 
B

1
+

B
2
 T1 log(Y) ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll + Kernel δ13C + Kernel DW 

T2 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll + Kernel δ13C + Kernel DW 

T3 log(Y) ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll + Kernel δ13C + Kernel DW 

T4 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Kernel δ13C + Kernel DW 

T5 log(Y) ~ Temperature + Precipitation + Clay + Plant height + Kernel δ13C + Kernel DW 

F
u
m

o
n

is
in

s 

B
1
+

B
2
 

T1 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll + Kernel δ13C + Kernel DW 

T2 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll + Kernel δ13C + Kernel DW 

T3 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Chlorophyll + Kernel δ13C + Kernel DW 

T4 Y ~ Temperature + Precipitation + Clay + Plant height + SLA + Kernel δ13C + Kernel DW 

T5 Y ~ Temperature + Precipitation + Clay + Plant height + Kernel δ13C + Kernel DW 

 

Table S2 Full linear models. To meet normality, SLA was log- transformed at T2 and T3, and Aflatoxins was 

log-transformed at T1, T3 and T5. SLA = specific leaf area; kernel DW = kernel dry weight. T1: beginning of 

stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: dent maturation; T5: harvest. 
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Figure S1 Relative importance of models’ predictors. Y-axes represent the percentage of variance explained 

(R²). Each bar chart corresponds to a specific model at a given time point and shows the proportion of variance 

explained (R²) by each predictor. Predictors are color-coded by group (i.e., blue for environmental variables, 

green for plant growth and functional traits, orange for plant productivity variables), and their individual 

contributions are displayed as vertical bars. SLA = specific leaf area; kernel DW = kernel dry weight. T1: 

beginning of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: dent maturation; T5: 

harvest. Asterisks (*) indicate predictors that are statistically significant after model reduction and therefore are 

part of the minimal adequate models. 
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2. Multispectral Imagery as a Tool to Remotely 

Investigate Maize Health 

Climate change is increasingly affecting maize production by altering environmental conditions and 

plant morphophysiological responses across the growing season. Recent advances in multispectral 

remote sensing and machine-learning approaches, such as random forest models, offer new 

opportunities for non-destructive, high-resolution assessment of crop status across space and time. 

In this context, this study investigates the potential of multispectral remote sensing combined with 

random forest models to capture crop responses to environmental stress and to support scalable 

monitoring of maize health under field conditions. 

 

2.1. Manuscript in Preparation 

Predicting maize functional traits using random forest models 

and multitemporal UAV multispectral imagery 

Giacomo Boscarol1, Giacomo Trotta1,2, Elisa Petrussa1, Enrico Braidot1, Valentino Volpe3, Stefano 

Barbieri3, Michele Fabro3, Francesco Boscutti1, Marco Vuerich1 

1 Department of Agricultural, Food, Environmental and Animal Sciences, University of Udine, via delle Scienze 

91, 33100 Udine, Italy 

2 Biodiversity Research Institute (IMIB), University of Oviedo – CSIC – Principality of Asturias, Mieres, 

Asturias, Spain 

3 Servizio fitosanitario e chimico, ricerca, sperimentazione e assistenza tecnica, Regional Agency for Rural 

Development (ERSA), via Sabbatini 5, 33050 Pozzuolo del Friuli, Italy 

 

Abstract 

Maize (Zea mays L.) production is increasingly threatened by climate change, with rising temperatures, 

altered precipitation regimes, and more frequent extreme events affecting crop performance and food 

security, particularly in climate-vulnerable regions such as the Mediterranean basin. Plant responses 

to environmental stress are strongly modulated by phenology, as morphophysiological traits vary 

dynamically throughout the growing season. In this context, multispectral remote sensing combined 

with machine-learning approaches offers a promising, non-destructive perspective for monitoring 

crop functional traits under field conditions. 

In this study, we evaluated the ability of UAV-based multispectral imagery combined with random 

forest (RF) models to predict key maize morphophysiological traits across multiple phenological 

stages. Field experiments were conducted during the 2022 and 2023 growing seasons in 70 maize 

fields in northeastern Italy. Plant functional traits related to leaf pigments (chlorophylls, carotenoids, 
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flavonoids), leaf morphology (specific leaf area, dry matter content), and plant height were measured 

at four phenological stages, from early stem elongation to dent maturation. Multispectral images were 

acquired concurrently using a five-band sensor (visible, red-edge, and near-infrared) mounted on a 

drone, and RF models were calibrated and validated separately for each trait and time point. 

Model performance varied markedly across traits and phenological stages. Overall, these results 

highlight the strong temporal dependency of trait–spectral relationships and underscore the 

importance of phenology-aware modelling approaches. Our findings demonstrate that integrating 

multispectral remote sensing with machine-learning models provides a scalable framework for 

monitoring maize functional traits and supports improved assessment of crop stress responses under 

changing environmental conditions. 

 

Introduction 

Maize (Zea mays L.) is one of the most extensively cultivated staple crops worldwide, with global 

production exceeding 1.2 billion tons over more than 200 million hectares in 2024 (FAOSTAT, 

2025). However, the rapid intensification of climate change (Intergovernmental Panel on Climate 

Change (IPCC), 2023) is threatening agricultural activities, including maize production. Droughts, 

floods, irregular rainfall distribution, and pest outbreaks are among the main factors affecting crop 

performance and food security (Bita & Gerats, 2013; Liaqat et al., 2022; Makowski et al., 2020), and 

the Mediterranean basin, which is recognized as a climate change hotspot, is particularly vulnerable 

to such impacts (Giorgi & Lionello, 2008). 

Drought and heat stresses induce physiological adjustments in plants (e.g., reduced leaf area, lower 

stomatal conductance, and altered biomass allocation) that compromise photosynthesis and yield 

(Seleiman et al., 2021; Toscano et al., 2019). In particular, maize typically responds to water and heat 

stress by (1) extending the anthesis–silking interval, (2) reducing leaf number and canopy thickness, 

(3) modifying root architecture, and (4) expressing secondary stress-related traits, all contributing to 

yield losses (Sah et al., 2020). 

Moreover, the effects of environmental stress on plants can greatly vary according to the timing and 

duration of stress, as plant sensitivity varies across phenological stages (García-Tejero et al., 2010; 

Soares et al., 2021; Yavuz et al., 2021). In maize, the transition from vegetative to reproductive phase 

(anthesis) and the grain-filling stage are known to be the most critical for yield, with drought and heat 

causing penalties of 34–66% (López-Galiano et al., 2019; Tsimba et al., 2013). Nevertheless, recent 

evidence suggests that morphophysiological changes linked to reduced yield quality may arise even 

earlier, before stem elongation. Thus, plant phenology plays a pivotal role in climate–plant 

interactions, and temporal variations in functional traits can provide valuable insights into plant health 

and stress responses. 
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To address these challenges, the complex and multivariate agricultural ecosystems need to be better 

understood by constantly monitoring environmental conditions and plant functional traits. Many are 

the functional traits that can be measured, ranging from individual- to ecosystem-level (Violle et al., 

2007). For an exhaustive list of the most used plant functional traits and how to properly measure 

them, see Pérez-Harguindeguy et al. (2016). 

Many studies rely on these classical manual-collected morphophysiological traits to ensure plant 

health and foresee productivity (Greef, 1994; Wiethorn et al., 2021; Yasin et al., 2024; Zhao et al., 

2014). Despite being extremely informative, widely used in literature, and strongly reliable, the 

assessment of many functional traits is time-consuming and labour-intensive, often requiring 

extensive fieldwork, specific technical expertise, and careful experimental protocols. In many cases, 

trait quantification involves destructive sampling, the use of specific solvents or reagents, strict 

storage conditions (e.g., −80 °C), and complex physical or chemical analytical procedures. Moreover, 

these traits are calculated on single individuals, therefore should be replicated many times to obtain 

a representative sample at larger scales. These constraints limit the scalability and temporal resolution 

of trait-based approaches, particularly in field conditions and large-scale studies. 

In this context, recent advances in remote sensing, particularly the use of multispectral imagery 

acquired from unmanned aerial vehicles (UAVs) and satellites, combined with random forest (RF) 

models, offer new opportunities for high-resolution, non-destructive evaluation of crop status. 

Multispectral data can indeed capture variations in canopy structure, pigment content, and 

physiological performance, providing valuable proxies for plant stress and potential disease 

development (Zhang & Zhu, 2023). The great potential of multispectral remote sensing is the 

possibility to remotely obtain high-resolution, precise and non-invasive information on a huge 

number of individuals at the same time, without the necessity to destroy plant’s organs or entire 

individuals. Moreover, this powerful technique allows measurements to be easily repeated on the 

same area at different phenological stages. This is particularly valuable in agriculture, where fields are 

typically considered relatively homogeneous and most of the time monospecific. On the other hand, 

RF can effectively handle high-dimensional, non-linear, and multicollinear data, while capturing 

complex relationships between multispectral features without requiring strong parametric 

assumptions (Belgiu & Drăgu, 2016; Breiman, 2001). 

The concept behind multispectral approaches is that different regions of the electromagnetic 

spectrum provide complementary information on plant status. The visible range (400–700 nm) 

reflects variations in leaf pigments, particularly chlorophyll, allowing assessment of photosynthetic 

activity and visible stress symptoms. The near-infrared (NIR, 700–1100 nm) is strongly influenced 

by leaf internal structure and canopy architecture, providing insights into biomass, leaf area, and 

overall canopy health. The red-edge region, located at the transition between the red and NIR bands 

(approximately 700–740 nm), is particularly sensitive to subtle changes in chlorophyll content and 
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stress-related variations, making it a valuable indicator of early physiological alterations before they 

become visually apparent. Finally, the mid-infrared (MIR, 1100–2600 nm) is primarily sensitive to 

leaf and canopy water content, as well as to biochemical constituents such as cellulose and lignin, and 

is therefore closely associated with plant water status, drought stress, and structural changes related 

to senescence or stress-induced tissue degradation. 

By combining reflectance information from these spectral regions, various vegetation indices have 

been developed to quantify plant status in a standardized way (Zhang & Zhu, 2023). Among the most 

widely used is the Normalized Difference Vegetation Index (NDVI), which exploits the contrast 

between red and NIR reflectance to estimate canopy greenness and photosynthetic potential (Carlson 

& Ripley, 1997). Other indices, such as the Soil-Adjusted Vegetation Index (SAVI) (Huete, 1988), 

the Normalized Difference Red-Edge Index (NDRE) (Davidson et al., 2022), and the Inverted Red-

Edge Chlorophyll Index (IRECI) (Frampton et al., 2013) provide additional sensitivity to chlorophyll 

content, light-use efficiency, and early stress detection. These indices enable rapid, large-scale 

monitoring of plant health, stress response, and potential vulnerability to biotic or abiotic threats, 

complementing traditional field-based assessments. 

By combining multispectral remote sensing data with random forest models, it would be possible to 

exploit the high information content of spectral features while effectively capturing complex, non-

linear relationships between canopy reflectance and plant morphophysiological traits, resulting in 

robust predictions and improved assessment of crop stress under field conditions. 

In this context, the aim of this study was to evaluate whether UAV-derived multispectral imagery can 

detect field-level morphophysiological responses of maize to environmental stresses, and to explore 

relationships between commonly used multispectral bands and plant functional traits across different 

phenological stages. Understanding these links could support early stress detection and improve 

strategies for climate-resilient crop management. The next step would be to upscale the information 

obtained with drone multispectral images, and to classify all maize fields of the Friuli Venezia Giulia 

Region with Sentinel-2 satellite multispectral images. 

Figure 1 Experimental area and design. Each dot represents a sampling site of 225 m2 within a maize field. 

Four times during the season (T1-T4) we measured Plant Functional Traits and performed flyovers to collect 

multispectral images. T1: beginning of stem elongation; T2: end of tassel emergence; T3: milk maturation; T4: 

dent maturation; T5: harvest. 
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Material and methods 

Experimental design 

The study was conducted during summer 2022 and 2023 in the Friuli Venezia Giulia region in the 

North-Eastern part of Italy, corresponding to the plain sector of the region (45°44′56′′N, 12°59′56′′E 

to 46°11′52′′N, 13°29′56′′E; Figure 1A). In 2022 the area was characterized by a cumulate annual 

precipitation of ~1000 mm and a mean annual temperature of 15 °C, with the highest temperature 

(39 °C) reached between July and August (OSMER, 2025). In 2023 the cumulate annual precipitation 

was ~1600 mm and the mean annual temperature was 14.5 °C with a peak at 37 °C at the end of 

August (OSMER, 2025). The main crops grown in the area include maize, soybean, winter cereals 

(primarily barley and wheat), and grapevine. In this area the Regional Agency for Rural Development 

(ERSA) selected a total of 70 maize fields ensuring comparable management practices across sites. 

FAO 500 maturity class was chosen to reduce phenological variability. The experimental sites were 

selected as 225 m2 (15 x 15 m) plots within each maize field. Plant traits were measured four times 

along the growing season, corresponding to phenological stages 30 (T1, beginning of stem 

elongation), 59 (T2, end of tassel emergence), 73 (T3, milk maturation) and 89 (T4, dent maturation) 

of BBCH scale for cereals (Lancashire et al., 1991; Meier, 2018). At the same four phenological stages, 

drone flyovers were also performed to acquire multispectral images. 

 

Data collection 

At each sampling time, maize growth was assessed by measuring the height of five random plants per 

plot, not including the male inflorescence when present. In each plot the last fully expanded leaf was 

randomly collected from 10 different individuals (10 leaves per plot), sealed in moistened plastic bags, 

stored in portable refrigerators and transported to the laboratory. Pictures of five leaves were acquired 

with digital camera, and the size of each leaf (cm2) was determined with the software ImageJ 

(Schindelin et al., 2012). The same leaves were further weighed to determine fresh mass (FW), dried 

at 70 °C for 72 h and weighed again to quantify dry mass (DW). Specific leaf area (SLA, cm2 g−1) and 

dry matter content (DMC) were calculated from the dry mass, leaf area and fresh mass according to 

Pérez-Harguindeguy et al. (2013). Two one-centimetre radius disks were collected from the middle 

part of the lamina of each of the remaining five leaves, avoiding the midrib, and processed to quantify 

chlorophyll, carotenoids, and flavonoid content. The disks were ground into fine powder under liquid 

nitrogen. Chlorophyll a and b and carotenoid concentration analyses were performed following 

Marchiol et al., (2019) protocol and expressed as micrograms per gram of fresh weight (μg gFW
-1). For 

the calculation methods see Wellburn (1994). Flavonoid content was quantified according to the 

method described by Filippi et al. (2021), with minor changes and expressed as quercetin-equivalent 

content per gram of fresh weight (μg quercetin-eq g-1). 
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In 2023, due to heavy hailstorms occurred between T2 and T3, some maize fields were destroyed. 

The collected T1 and T2 data were retained in the models. 

At each sampling date, multispectral images were acquired with DJI Matrice 200 drone coupled with 

Micasense RedEdge-P camera. This setup provided 5 spectral bands covering the visible part of the 

spectrum, the red edge and the near infrared (Table 1). Flyovers were performed at 20 m above 

ground level, with 75 % frontal and side overlap between images. The average ground resolution 

obtained was 1.5 cm pixel-1. To ensure radiometric consistency across different acquisitions, incident 

light conditions were recorded by the onboard Downwelling Light Sensor (DLS), and absolute 

reflectance calibration was performed using reference panels with certified reflectance values, imaged 

before each flight. 

Band name Wavelength (nm) Band width (nm) 

Blue 475 32 

Green 560 27 

Red 668 14 

Red Edge 717 12 

Near-Infrared 845 57 

Table 1 Central wavelength (nm) and band width (nm) of the five bands of Micasense RedEdge-P camera. 

 

Data analyses 

Multispectral images radiometric calibration was performed in Agisoft Metashape v2.2.2 (Agisoft, 

2025) using pre-flight images of the reflectance calibration panel, following the manufacturer’s 

workflow to convert raw digital numbers to surface reflectance (Use of Calibrated Reflectance Panels 

For MicaSense Data, 2023). Subsequently, multispectral images were aligned, and orthomosaics were 

created for each plot. For each plot, mean pixel values were computed for each of the five radiometric 

bands using all pixels contained within the plot boundaries. 

Random forest (RF) models were implemented in R to assess the relationships between multispectral 

bands and plant morphophysiological traits. For each time point (T1–T4), the 5 multispectral bands 

were used as predictor variables and, in separate models, flavonoids, chlorophyll, carotenoids, leaf 

DMC, plant height, and SLA were used as response variables. RF models were implemented using 

the “randomForest” R package (Liaw et al., 2002). Missing values in the predictor variables were 

imputed prior to model fitting using the “missForest” R package, a non-parametric random forest-

based imputation method that can handle mixed data types and complex interactions (Stekhoven & 

Bühlmann, 2012; Stekhoven, 2025). 

For each model, the original dataset was randomly split into a training set (70% of the original data) 

and a test set (30% of the original data), which were used for model calibration and independent 
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validation, respectively. The number of variables randomly sampled at each split (mtry) was tuned by 

testing multiple values based on the total number of predictors (p), including p/4, p/2, and 0.6p. 

RF models were trained using the “caret” R package (Kuhn, 2008). Model performance was 

optimized by tuning the mtry parameter through repeated 10-fold cross-validation with 10 

repetitions. For each model, 500 trees were grown, and the optimal model was selected by minimizing 

the root mean square error (RMSE). To compare RF models between different time points (T1-T4), 

RMSE values were normalized (NRMSE) by dividing them by the mean of the response variable. 

Each RF model was evaluated using the R² and the NRMSE calculated for both the training and the 

test datasets. Models were considered to perform well when R² values for training and test sets were 

both relatively high and comparable (>0.60), while NRMSE values for training and test sets were 

consistently low (<0.30), indicating good predictive accuracy and limited overfitting. 

All the graphs of the linear models were created with the “visreg” R package (Breheny & Burchett, 

2017). All statistical analyses were performed with R v4.5.0 and RStudio v2025.09.0-387 (R Core 

Team, 2023). 

 

Preliminary results 

A total of 24 random forest models were developed, corresponding to six morphophysiological traits 

(chlorophylls, flavonoids, carotenoids, leaf DMC, SLA and plant height) evaluated at four 

phenological stages (T1-T4). Model performance varied across time and response variables, as 

indicated by changes in normalized root mean square error (NRMSE) and coefficient of 

determination (R²). Traits related to leaf pigments and morphology, such as chlorophyll content, 

carotenoids, and SLA, were more accurately predicted at early phenological stages, whereas leaf DMC 

and flavonoid concentration were better described at later stages of the growing season. Plant height 

was consistently well predicted across all time points, with the highest performance observed at T3. 

The best-performing model for flavonoids was obtained at T3, where prediction accuracy was mainly 

driven by reflectance in the red-edge band. Chlorophyll content at T1 was primarily explained by 

green and near-infrared (NIR) bands, while carotenoids were associated with green and NIR bands 

at T1 and with NIR and red-edge bands at T3. Leaf DMC was best explained by green and NIR 

reflectance at T1 and by red and NIR bands at T3. Plant height showed a strong dependence on NIR 

reflectance throughout the season, particularly at T3, whereas SLA at T1 was mainly driven by 

reflectance in the green band. 

 

Discussion 

In this study, multispectral remote sensing combined with random forest models proved effective in 

capturing temporal variations in key maize morphophysiological traits under field conditions, 
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highlighting the strong dependence of trait–spectral relationships on phenological stage. Overall, 

model performance varied markedly across time and response variables, supporting the idea that 

plant phenology plays a central role in modulating how physiological and structural traits are 

expressed at the canopy level and, consequently, how they are detected by multispectral signals. 

Traits related to leaf pigments and leaf morphology, such as chlorophyll content, carotenoids, and 

specific leaf area (SLA), were best predicted early in the growing season, probably because at early 

phenological stages maize canopies are less structurally complex and leaf-level signals are less 

confounded by canopy closure, self-shading, and biomass accumulation. Under these conditions, 

reflectance in the visible and near-infrared regions is more directly linked to pigment concentration 

and leaf structural properties, explaining the strong contribution of the green and NIR bands to the 

prediction of chlorophyll, carotenoids, and SLA at T1. 

In contrast, traits associated with biomass allocation and secondary metabolism, such as dry matter 

content (DMC) and flavonoid concentration, were more accurately described later in the season. As 

maize plants progress toward reproductive stages, changes in tissue composition, senescence 

processes, and carbon allocation become more pronounced, leading to stronger spectral signatures 

related to leaf density, water content, and internal structure. The improved performance of DMC 

models at later stages, and the shift in key explanatory bands toward red and NIR reflectance, likely 

reflect these structural and compositional changes at the canopy level. Similarly, the highest predictive 

accuracy for flavonoids at T3, driven primarily by the red-edge band, supports the role of this spectral 

region in capturing subtle physiological and stress-related alterations that emerge during critical 

developmental phases. The sensitivity of the red-edge to changes in pigment composition and cellular 

structure makes it particularly well suited for detecting secondary metabolites and stress-related 

responses that are not necessarily reflected in visible-range indices alone. 

Plant height was consistently well predicted across all phenological stages, confirming the robustness 

of multispectral approaches for estimating structural traits. The dominant contribution of the NIR 

band, especially at T3, underscores the strong relationship between NIR reflectance and canopy 

architecture, biomass accumulation, and leaf internal structure. The peak performance observed at 

mid-season likely corresponds to maximum canopy development, when height differences are fully 

expressed and less affected by early growth variability or late-season senescence. 

The temporal shifts observed in model performance and in the relative importance of spectral bands 

emphasize that trait–reflectance relationships are not static but dynamically evolve throughout the 

growing season. This temporal dependency has important implications for trait-based remote sensing 

applications, suggesting that models calibrated at a single phenological stage may not be transferable 

across the season. Instead, phenology-specific models or temporally explicit approaches may be 

required to accurately capture plant functional traits under variable environmental conditions. 
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From an applied perspective, the ability to accurately predict different classes of traits at different 

times of the season is particularly relevant in the context of climate change and increasing 

environmental stress. Early-season prediction of pigment-related and morphological traits could 

support timely identification of stress signals and guide adaptive management practices. Meanwhile, 

late-season monitoring of biomass-related and secondary metabolic traits may provide insights into 

stress legacy effects, impacting yield quantity and quality projections and potential mycotoxin 

mitigation. The consistent performance of height models further highlights the potential of 

multispectral data to support large-scale structural monitoring of crops. 

Overall, our preliminary results demonstrate that multispectral remote sensing combined with 

machine-learning models can provide a flexible and scalable framework for monitoring maize 

functional traits across phenological stages. By explicitly accounting for temporal dynamics, this 

approach enhances our capacity to assess crop responses to environmental stress and supports the 

development of climate-resilient crop monitoring and management strategies. 
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3. Environmental Effects on Maize Associated 

Rhizobiome  

A further promising direction for future research builds on the activities carried out during the period 

abroad at the Institut Diversité, Écologie et Évolution du Vivant (IDEEV) of Gif-sur-Yvette, France. 

This experience highlighted the potential of integrating complementary methodological approaches 

and analytical frameworks to better capture the complexity of crop–environment interactions. In 

particular, the rhizosphere represents a key interface in plant–environment interactions, where 

complex exchanges between roots and soil microbial communities influence plant nutrition, 

development, and stress tolerance. In crop species such as maize, rhizobiome composition is shaped 

by multiple interacting factors, including plant genotype, developmental stage, and environmental 

conditions. At the same time, climate-driven shifts in plant phenology are altering the timing of plant–

soil interactions, raising questions about how developmental transitions affect rhizosphere microbial 

dynamics. In this study, carried out in collaboration with the Institut Diversité, Écologie et Évolution 

du Vivant (IDEEV) of Gif-sur-Yvette in France, we aimed to disentangle the effects of plant 

phenology from genetic and environmental variability by monitoring rhizosphere bacterial 

communities throughout development in maize populations with contrasting flowering times but a 

shared genetic background. 
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Abstract 

Climate change is altering plant phenology, shifting developmental cycles by days to weeks under 

continued warming. However, the consequences of these phenological shifts for root-associated 

bacterial communities remain largely unknown. Here we tested the effect of phenology on the 

rhizobiome while minimizing genetic variability. We monitored the rhizobiome dynamics throughout 
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the growing season in the offspring derived from the selfing of three maize genotypes: a commercial 

inbred line (MBS847, the ancestor) and two genotypes (early- and late-flowering) derived from the 

commercial line after 18 years of divergent selection for flowering time, and differing by 10 degree 

days. Plants were sown in a randomized design with three blocks and three sowing dates, each one 

week apart, except for the ancestor, which was sown at a single date. Starting 41 days after sowing 

and continuing for seven weeks, three samples of bare soil and rhizospheric soil (from three different 

plants) within each block were collected once a week at the same soil horizon, pooled, and analyzed 

using 16S metabarcoding. In total, the Amplicon Sequences Variants (ASVs) from 210 samples were 

analyzed, yielding 26,052 ASVs. Only a small fraction of ASVs constituted the core microbiome in 

both bare (5%) and rhizospheric (2%) soil, with no consistent change in core size across 

developmental stages. Plant genotypes did not significantly affect bacterial alpha diversity. Instead, 

alpha diversity differed primarily between bare soil and rhizospheric soil and also varied over time. 

We found that time expressed as calendar date best explained the observed alpha diversity temporal 

pattern. In contrast, plant phenology expressed as days after sowing had limited explanatory power, 

and sowing date and its interaction with days after sowing significantly improved model performance.  

Overall, environmental variation was the primary driver of rhizosphere alpha diversity dynamics, 

whereas phenological divergence exerted a modest and sowing-dependent influence. These findings 

indicate that phenology shifts alone are insufficient to consistently reshape rhizosphere bacterial 

diversity, emphasizing the dominant role of environmental fluctuations in structuring plant-

microbiome interactions. 

 

Introduction 

The rhizosphere, defined as the narrow zone of soil influenced by plant roots, represents a critical 

interface for plant–environment interactions (Larsen et al., 2014; Saleem et al., 2019). The microbial 

communities inhabiting this compartment, collectively referred to as the rhizosphere microbiome or 

rhizobiome, play fundamental roles in plant nutrition, growth, and development (Ali et al., 2009; 

Larsen et al., 2014), protection against root-colonizing pathogens (Innerebner et al., 2011; Lugtenberg 

& Kamilova, 2009; Van der Ent et al., 2009), and tolerance to abiotic stresses such as drought or 

nutrient limitation (Berendsen et al., 2012; Castiglioni et al., 2008). In return, plants actively shape 

their rhizobiome by releasing a wide array of organic compounds through root exudation, including 

sugars, amino acids, organic acids, and secondary metabolites, which provide both carbon sources 

and selective cues for microbial colonization (Morgan et al., 2005). 

The composition and structure of the rhizobiome are influenced by multiple plant-related factors, 

including plant phenology, root system architecture and the qualitative and quantitative composition 

of root exudates (Aira et al., 2010; Bais et al., 2006; Grayston et al., 1997). These traits vary across 

plant species and genotypes and can strongly affect microbial activity and community assembly. In 
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this context, plant genotype has repeatedly been identified as a determinant of rhizobiome 

composition (Bulgarelli et al., 2012; Wagner et al., 2016), acting through genetically controlled 

differences in root morphology (Ao et al., 2010; Wagner et al., 2016) and exudation patterns 

(Aminurrasyid et al., 2025; Rodriguez et al., 2025). 

It is already well known that plants can selectively recruit microbial taxa from the immense diversity 

present in bare (not vegetated) soil. Although bare soil harbours a highly diverse pool of 

microorganisms, only a subset of this pool is consistently found in close association with roots, 

indicating a selective filtering process driven by root traits and exudation patterns. For example, 

several studies have shown that microbial alpha diversity is often higher in bare soil than in the 

rhizosphere (Essel et al., 2019; Ling et al., 2022), implying that the rhizosphere represents a narrower 

ecological niche within the broader soil microbiome (Moretti et al., 2024). Work comparing bacterial 

communities from rhizosphere and adjacent bare soils has demonstrated clear compositional 

differences attributable to plant influence, with distinct taxa enriched around roots, further 

supporting the notion of plant-mediated selection rather than passive coexistence, recruiting 

beneficial or functionally compatible taxa while excluding others (Essel et al., 2019; Ling et al., 2022). 

Among crop species, maize (Zea mays L.) represents a particularly well-studied model for investigating 

plant–rhizobiome interactions, owing to its global agronomic importance and extensive genetic and 

genomic resources (FAO, 2025). Early studies demonstrated that maize genotype can significantly 

modify the structure and growth of rhizosphere microbial communities. For example, Aira et al. 

(2010) reported strong genotype-dependent effects on rhizosphere microbial assemblages. 

Subsequently, a large-scale field experiment involving 27 maize lines grown across five environments 

revealed that a significant proportion of the variation in bacterial diversity, measured 12 weeks after 

sowing, was heritable (Peiffer et al., 2013), a result later confirmed under controlled greenhouse 

conditions (Bouffaud et al., 2016). However, more recent work has suggested a more nuanced picture: 

plant age emerged as the primary driver of rhizosphere microbial diversity, followed by environmental 

factors such as soil physicochemical properties and climate, whereas plant genotype explained only a 

small fraction of the observed variation, despite significant genotype-by-environment interactions 

(Walters et al., 2018). 

It is important to note here that plant age (i.e., days or weeks since sowing) should not be conflated 

with plant developmental stage, as the two may diverge under different environmental conditions.  

Collectively, these findings highlight maize as a robust and informative system for disentangling the 

relative contributions of host genetics, development, and environment in shaping rhizobiome. 

Plant–microbiome interactions are bidirectional and dynamic. In addition to being shaped by the host 

plant, soil microbial communities can influence key plant traits, including the timing of phenological 

events. For instance, distinct soil microbiomes have been shown to alter flowering time in Boechera 

stricta (Wagner et al., 2014) and to affect spring foliar phenology and biomass accumulation in Populus 
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angustifolia (Van Nuland et al., 2021), suggesting that microbial communities can contribute to 

phenotypic plasticity and potentially modulate plant responses to local environmental conditions. 

In parallel, plant phenology has undergone profound changes over recent decades because of global 

climate change (Bernier, 1988; Cleland et al., 2007). Rising temperatures have generally led to earlier 

leaf emergence, earlier onset of the growing season, and advanced flowering dates across a wide range 

of ecosystems (Gordo & Sanz, 2010; Piao et al., 2019). For instance, Parent et al. (2018) showed that 

climate change is projected to advance optimal flowering time and alter crop cycle duration in 

European maize. Other simulations indicate that crops may require earlier sowing and modified 

phenological development to maximize yield under future climatic conditions (Zimmermann et al., 

2017). However, recent evidence suggests that phenological adaptation alone may fail to maintain 

optimal reproductive timing, highlighting the limits of phenological plasticity under contemporary 

climate change scenarios (Kusmec & Schnable, 2024). 

These climate-driven phenological shifts raise important questions about their potential 

consequences for rhizobiome dynamics and, more broadly, for plant–soil feedbacks. Because plant 

developmental stage is a major determinant of rhizosphere microbial composition, even subtle 

changes in phenological timing may alter the temporal trajectory of microbiome assembly and 

function. 

While previous studies have extensively investigated the effects of plant genotype, environmental 

conditions, and developmental stage on rhizobiome composition, comparatively little attention has 

been paid to the role of phenological variation per se, particularly when genetic variability is minimized. 

In this study, we aimed to isolate the effect of phenological differences on rhizosphere bacterial 

communities while controlling for genetic background. Microenvironmental heterogeneity was 

accounted for through a randomized block design. The implementation of three staggered sowing 

dates allowed developmental stages to occur at different calendar times, separating the relative 

contribution of environmental drivers from plant phenology in shaping rhizosphere communities.  

Specifically, we monitored the rhizobiome dynamics throughout the growing season in the offspring 

derived from the selfing of three maize genotypes: a commercial inbred line (MBS847, the ancestor) 

and two derived genotypes (early- and late-flowering), obtained from the inbred line through 18 years 

of divergent selection for flowering time, and differing by 10 degree days. 

Our study addresses the following questions: (i) is there a consistent temporal trend in rhizosphere 

microbial community composition over the maize growing season? (ii) To what extent is this 

temporal pattern influenced by plant phenology, specifically differences between early- and late-

flowering genotypes? (iii) Are observed temporal dynamics primarily driven by plant developmental 

stage, or are they predominantly shaped by environmental fluctuations across the experimental 

setting? Figure 1 summarizes alternative hypotheses tested in the above questions 2 and 3. 



 

56  
 

 

Figure 1 Conceptual framework illustrating two alternative hypotheses tested in this study that are whether the 

observed temporal dynamics are primarily driven by plant developmental stage, or by environmental 

fluctuations. For simplicity, we considered that there was a temporal trend in the rhizobiome composition. 

Upper panels (A, B) represent the plant development-driven hypothesis. (A) when plotted against days since 

sowing, bacterial community trajectories from different sowing dates converge, indicating that community 

dynamics are primarily structured by plant developmental stage. (B) when plotted against calendar date (day of 

year), trajectories diverge because identical phenological stages occur at different times. Lower panels (C, D) 

represent the environment-driven hypothesis. (C) when plotted against days since sowing, trajectories diverge 

across sowing dates, reflecting differing environmental conditions experienced during development. (D) when 

plotted against calendar date, trajectories converge, indicating that community dynamics are primarily structured 

by temporal environmental variation rather than plant phenology. 

 

Material and methods 

Maize populations 

Two maize populations were developed through an 18-year Divergent Selection Experiment (DSE) 

targeting flowering time (Desbiez-Piat et al., 2023; Durand et al., 2015). Starting from the maize 

commercial inbred MBS847 (referred to as the ancestor, A), the most contrasted genotypes for 
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flowering time were selected and self-fertilized: the 10 latest-flowering individuals from the late 

population and the 10 earliest-flowering individuals from the early population. Genotypes from the 

ancestral population (A), the early (sdpM325, ME2 family) and the late (sdpM326, ML1 family) 

populations were evaluated in the field in 2019 in a randomized-block design, revealing contrasted 

Best Linear Unbiased Estimates (BLUES) for flowering time after correcting for fixed spatial and 

year effects and their interaction: 81.72, 79.76, 86.24 for the A, the early and the late populations, 

respectively (Desbiez-Piat et al., 2023). Note that flowering time is here expressed in days to flowering 

equivalent to a growth at 20 °C (DTF). In addition to 6.5 DTF difference, early and late genotypes 

also exhibited distinct developmental patterns, with the late flowering lines showing a delayed floral 

transition. Previously published data suggested that these differences are due to shifts in the timing 

of developmental transitions (i.e., the onset of flowering) rather than differences in the overall rate 

of development (Plancade et al., 2023). Progenies obtained from self-fertilization of a single early (E) 

and a single late (L) genotype at generation 18 were used for a field trial held on the Saclay plateau 

(Île-de-France, France) in 2019 (Desbiez-Piat et al., 2023). 

 

Experimental design 

Individuals from the ancestral (A), early-flowering (E), and late-flowering (L) genotypes were sown 

in a randomized field trial. Seeds of E and L were sown at three time points: April 23rd (first sowing, 

S1), April 30th (second sowing, S2) and May 7th (third sowing, S3), while the ancestral genotype (A) 

was only sown at S1 (Figure 2). Four 10-plants rows were randomized for each sowing date. The 

entire design was repeated three times (Blocks 1-3) (Figure 2). Soil sampling began on June 3rd, 10th 

and 17th for plants sown at S1, S2 and S3 respectively (6 weeks after sowing), and continued once a 

week for 7 weeks, ending on July 15th, 22nd and 29th respectively (Figure 3). Each sample consisted 

of a pool of rhizospheric soil taken with a single-use scalpel from three randomly selected plants per 

block. The roots from which the soil was taken were located within the top 20 cm layer of soil. Three 

gatherings per block of "bare" (non-rhizospheric) soil were also collected and pooled into a single 

sample for the 9 sampling dates in each block (Figure 3). Sampling occurred in the morning, between 

8:00 AM and 12:00 AM. The final dataset consisted of 210 samples: 63 samples from E genotype, 63 

from L genotype, 63 from bare soil (BS), and 21 from A genotype. 
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Figure 2 Experimental site. Each square represents a randomly distributed 10-plants row. Colours indicate the 

genotype of the plants. At the 1st sowing date (S1) 40 maize plants of each genotype were sown; at the 2nd and 

3rd sowing dates (S2, S3) 40 plants of E (early flowering) and L (late flowering) plants were sown. The 

experimental design was replicated 3 times (Block1, Block2, Block3). 

 

 

Figure 3 Sampling design. The X axis represents the calendar date. A: Ancestor genotype; E: early flowering 

genotype; L: late flowering genotype. d41-d48: days between sowing and soil samples collection. 
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DNA extraction, PCR amplification, and sequencing 

Genomic DNA was extracted using the PowerSoil DNA Isolation Kit (MoBio/Quiagen). DNA was 

used as a template for the amplification of the V4-V5 region (~290 bp fragments) of the prokaryotic 

16S rRNA with the primer set U515F (5′-GTGCCAGCMGCCGCGGTAA-3′) and U806R (5’-

GGACTACVSGGGTATCTAAT-3’). Forward and reverse primers were tagged with 10 bp 

molecular identifiers (MIDs) before PCR to allow pooling and identification of amplicons from 

different samples, bringing the total amplification length to ~310 bp. MID to sample assignment was 

randomized. PCR-amplification reactions were performed in 25 µL volume reaction and contained 

0.5–3 µL of eluted sample DNA, 1.5 mM of MgCl2, 0.2 mM of deoxynucleotide (dNTP) mix, 0.3 µM 

of each primer, and 0.5 U of the hot-start Platinum Taq DNA Polymerase (Invitrogen, Carlsbad, 

CA). PCR reactions were carried out for 35 cycles (94 °C for 30 s, 55–58 °C for 30–45 s, and 72 °C 

for 90 s) preceded by 2 min denaturation at 94 °C and followed by five additional minutes of 

polymerization at 72 °C. Amplification efficiency was checked using electrophoresis; amplicons were 

purified using the QIAquick PCR purification kit (Qiagen, Hilden, Germany), assayed for DNA 

concentration using a NanoDrop© Microvolume Spectrophotometer (Thermo Fisher) and pooled 

at equimolarity according to the randomized MID scheme. Sequencing was done using Illumina 

Hiseq Paired End (2 × 250 bp, paired-end) at Eurofins Genomics (Konstanz, Germany), the 210 

samples were spread over three Illumina runs. 

 

Amplicon data processing 

A total of 22,100,084 raw sequences (reads) of 16S amplicons were obtained from the three Illumina 

sequencing runs. Raw reads were analysed using QIIME2-amplicon v2023.9 (Bolyen et al., 2019). 

Reads were demultiplexed and MIDs removed using the “cutadapt demux-paired” function of 

QIIME2. The DADA2 plugin was used to determine amplicon sequence variants (ASVs) following 

three steps: dereplication, denoising and merging (Callahan et al., 2016). Trimming/clipping/max-

exp-errors parameters were of 20/200/4 and 20/110/8 for forward and reverse reads respectively. 

Denoised sequences with one or more mismatches in the overlap region were removed during the 

merging phase. ASV statistics are provided in Supplementary Table S1. Direct MID tagging on 

primers leads to ASVs oriented both in coding and non-coding directions. Consequently, ASVs were 

reoriented using a custom QIIME2 plugin (https://gitlab.com/DeemTeam/q2_readorient). 

Potential chimera sequences were removed using the “uchime-denovo” function of QIIME2. Finally, 

100% identical ASVs of different lengths were clustered together using vsearch v2.26.0 (Rognes et 

al., 2016), leading to a total of 88,190 sequences. ASVs were then assigned to archaeal and bacterial 

taxa with the “feature-classifier” function of QIIME2 using a pretrained dataset derived from the 

SILVA database release 138 (Quast et al., 2013). All ASVs attributed to plastids or mitochondria were 

removed from our analysis. To further control the quality of our ASVs, we placed them in a 
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phylogenetic tree. Each ASV was used as query for similarity search against SILVA reference 

sequences using BlastN (Altschul et al., 1990); ASVs and hit sequences were aligned together using 

mafft v7.508 (Katoh & Standley, 2013); gaps were removed from the alignment using trimAl v1.4.1 

automated mode (Capella-Gutiérrez et al., 2009), and the final alignment was submitted to fasttree 

v2.1.8 (Price et al., 2010) with model GTR+G. We excluded from our analysis all ASVs that formed 

a spurious outgroup in the tree. Given the complexity of the ASV set, we removed from statistical 

analysis all singletons (ASVs represented by only one read across all samples) and uni-sample ASVs 

(represented by more than one read but restricted to one sample), leading to a total of 26,052 

sequences. 

 

Statistical analysis 

Our aim was to describe the diversity within and across samples and study the variations of alpha 

diversity depending on several factors: rhizospheric or bare soil, maize genotype, plant development, 

sampling date. 

Some samples had a low sequencing depth which did not allow to estimate correctly alpha diversity 

indices and had to be excluded from downstream analyses (Figure S1). To select a sequencing 

threshold below which samples were discarded, rarefaction curves were produced for several alpha 

diversity indices (i.e., ASV richness, Shannon and Simpson diversity indices, inverse Simpson 

diversity index, and the effective number of ASV (ENA) calculated as the exponential of Shannon 

diversity index). Each rarefaction curve was produced using 100 rarefied count tables sampled 

without replacement as suggested in Cameron et al. (2021). A threshold of 14,000 reads was selected 

as a reasonable compromise between the quality of estimated indices and the number of samples 

retained for the statistical analysis. As a result, 8 out of 210 samples (3.8%) were removed from the 

downstream analyses. From these samples, rarefied tables were produced by sampling without 

replacement. 

For a given set of samples, the core microbiome was described as the fraction of ASVs shared by the 

samples using one rarefied count table. The core microbiome of all samples, of rhizospheric samples 

only, and of replicates were computed. 

We determined alpha diversity indices as the mean over 500 estimates of the index produced from 

500 rarefied count tables (Figure S2-S5). 

To investigate how alpha diversity was shaped by plant earliness (early or late genotype) and temporal 

dynamics (plant development or sampling date), we analyzed the variations of the effective number 

of ASVs calculated as the exponential of the Shannon diversity index. This index provides an easily 

interpretable measure of biological diversity and was estimated with accuracy at the rarefaction depth 

we used. 
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To disentangle environmental fluctuations from crop development effects on the alpha diversity 

variations, two different gaussian linear models were built. Both models explained the variations of 

ENA and included the soil compartment from which samples were collected (bare soil, early-

flowering or late-flowering plants) and the sowing (S1, S2, S3) as explaining factors. In addition, each 

model included one parameter related to temporal variations, either the development stage of the 

plant expressed as the number of days after sowing (model 1) or the sampling date expressed as 

calendar date (model 2). As we had no prior assumption about the shape of the relationship between 

ENA and these variables, they were treated as factors rather than quantitative variables. Each model 

included additive effects of each of the three factors (soil compartment, sowing, temporal factor) as 

well as the three paired interactions and the triple interaction. Using this model, we estimated the 

mean of ENA in each condition and computed the variance components. Given the staggered 

experimental design, model 2 had to be estimated with a subset of the dataset excluding sampling 

dates for which data were collected for only one or two sowings (see Figure 3). 

To test for the effect of plant earliness, we compared model 1 to a nested model were the early and 

late genotype modalities were both replaced by the modality “rhizospheric soil”. To test the effect of 

each factor, nested models were compared. Type III ANOVA was used to compute the variance 

components and test for factors effects. 

All statistical analyses were conducted in R (v4.3.1) and RStudio (v2023.06.0) using the libraries vegan, 

car and ggplot2. 

 

Preliminary results 

Core microbiome 

Overall, the root-associated microbiome exhibited high compositional heterogeneity across samples, 

including among biological replicates (blocks). Community composition varied markedly even among 

samples collected at the same phenological stage, indicating substantial within-stage variability (Figure 

4). 

Only a limited number of ASVs were consistently detected across all samples, reflecting the high 

diversity characterizing the dataset. No clear trend in either the size or the composition of the core 

microbiome was observed across maize developmental stages. Specifically, the number of core ASVs 

did not show a consistent increase or decrease along plant phenology (days after sowing) or over 

chronological time (calendar date), indicating that neither developmental nor temporal progression 

resulted in an enrichment or depletion of shared taxa. 

When comparing bare soil and rhizospheric soil, the bare soil core microbiome comprised 206 ASVs 

out of 3884 detected ASVs (5% of all ASVs identified in bare soil), whereas the rhizosphere core 

included 78 ASVs out of 3964 total ASVs (2%). Although the bare soil core was numerically larger, 
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the difference between bare and rhizospheric soil was relatively modest, indicating that both 

environments were characterized by a limited proportion of shared ASVs. Thus, despite the selective 

influence exerted by plant roots, the overall number of shared ASVs remained comparable between 

compartments, with only a slight reduction in the rhizosphere. 

 

Alpha diversity 

Alpha diversity was assessed using the effective number of ASVs (ENA), which showed stable 

rarefaction plateau and met model assumptions. In both model 1 and model 2 plant earliness had no 

significant effect (p-value = 0.995 and p-value = 0.203, respectively). In contrast, alpha diversity 

differed between soil compartments, with bare soil and rhizosphere showing different ENA values 

(p-value < 0.001 for model 1 and p-value = 0.005 for model 2), and overall variation was influenced 

by temporal progression (p-value < 0.001 for both models) (Figure 5). 

In model 1 (time expressed as days after sowing), time and sowing accounted for 20% of the variance, 

and their interaction accounted for 30%, indicating that alpha diversity differed among sowing times 

(Figure 6). In contrast, in model 2 (time expressed as calendar date), the sowing effect was negligible, 

and the interaction between sowing and time accounted for less than 10% of the variance, while time 

accounted for more than 30%, indicating that seasonal variation accounted for part of the observed 

alpha diversity dynamics independently of sowing date (Figure 6). 

Overall, these results seem to suggest that alpha diversity dynamics were primarily driven by 

environmental fluctuations, while plant phenology exerted a context-dependent effect that became 

evident only in interaction with sowing time. 

Figure 4 Core microbiome. Each bar represents the percentage of shared ASVs between one sample from the 

bare soil and its counterpart coming from the rhizosphere. Biological replicates are displayed as three adjacent 

bars. Missing bars are due to the exclusion of low sequencing depth-samples from the analyses. 
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Figure 5 Estimated effective number of ASVs (ENA) from model 1 and model 2. In model 1 (A) time was 

represented as plant development expressed as the number of days after sowing; in model 2 (B) time was 

represented as the sampling date expressed as calendar date. 
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Figure 6 Percentage of variance explained by model 1 and model 2 for the effective number of ASVs (ENA) 

partitioned into the contributions of fixed effects (soil type, sowing, time, and their interactions) and residual 

variance. Soil type represents the soil compartment from which samples were collected: bare soil, rhizosphere 

of early-flowering plants, or rhizosphere of late-flowering plants. In model 1, time was expressed as days after 

sowing; in model 2, time was expressed as calendar date. Bars represent the proportion (%) of total variance 

attributable to each model term. 

 

Discussion 

Our preliminary results reveal a highly heterogeneous rhizosphere bacterial community, with 

substantial compositional variation even among biological replicates sampled at the same 

phenological stage. This within-stage variability highlights the fine-scale spatial heterogeneity that 

characterizes soil microbial communities and suggests that drivers such as plant development 

influence the microbiome within a system that is inherently highly variable. 

The stringent criterion adopted to define the core microbiome revealed a remarkably small set of 

shared ASVs both in the rhizosphere and in bare soil. The rhizosphere core microbiome (2% of total 

ASVs) was only slightly smaller than the bare soil core microbiome (5%), indicating that, despite 

selective recruitment by roots, persistent taxa represent only a minor fraction of total diversity. This 

finding reinforces the view that the rhizosphere microbiome is largely dynamic and context-

dependent, rather than dominated by a stable and extensive core. The absence of a consistent trend 

in the size of core microbiome across developmental stages further suggests that maize phenological 

progression does not lead to a progressive enrichment or depletion of shared taxa. 

Alpha diversity patterns provided additional insight into the relative importance of host and 

environmental drivers. Plant earliness did not significantly affect bacterial alpha diversity, consistent 

with previous reports showing that host genetic background often explains a limited fraction of total 

microbiome variation compared with environmental influences (Bouffaud et al., 2016; Peiffer et al., 
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2013; Walters et al., 2018). In contrast, soil compartment (bare soil vs. rhizosphere) and temporal 

progression significantly influenced alpha diversity. The consistent differences between bare soil and 

rhizosphere confirm that root presence alters overall diversity patterns, even if it does not 

dramatically expand or contract the shared core. 

Importantly, the effect of time progression on alpha diversity depended on how time was 

parameterized. When time was expressed as days after sowing, representing plant phenology, its 

significant interaction with sowing indicated that alpha diversity trajectories differed depending on 

sowing date. This interaction suggests that phenological effects are not absolute but are modulated 

by the environmental context in which development unfolds. By contrast, when time was expressed 

as calendar date, sowing date and its interaction were no longer significant, and only temporal 

progression explained variation in alpha diversity. This pattern indicates that seasonal environmental 

conditions (e.g., temperature, moisture, and other unmeasured abiotic factors) were the primary 

drivers of alpha diversity dynamics, overriding differences attributable solely to flowering-time 

divergence. 

Together, these results suggest that phenological divergence, when decoupled from broader genetic 

variation, is not sufficient to impose strong, consistent shifts in rhizosphere bacterial diversity. 

Instead, environmental seasonality emerges as the dominant structuring force, with phenology 

influencing microbiome dynamics in a sowing-dependent manner. In practical terms, this implies that 

climate-driven shifts in flowering time may alter rhizobiome assembly primarily through their 

interaction with seasonal environmental conditions rather than through plant developmental timing 

alone. Consequently, predictions about plant-microbiome responses to climate change must consider 

not only host phenological shifts but also the environmental conditions within which these shifts 

occur. 

By disentangling phenology from the genetic background in two divergently selected maize 

populations derived from the same inbred line (MBS847), our study provided a focused test of the 

role of phenology variation in rhizobiome assembly. The limited and sowing-dependent phenological 

effects observed here indicate that host developmental timing alone exerts a comparatively modest 

influence relative to seasonal environmental drivers. 
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3.2. Supplementary Materials 

Sample ID 
Demultiplexed 

reads 

DADA2 

filter pass 

% DADA2 

filter pass 

kept after DADA2 

denoising 

kept after 

DADA2 merging 

% kept after 

DADA2 merging 

m40_s1_b1_d41 68012 67518 99.27 65375 55986 82.32 

m40_s1_b1_d48 23067 22943 99.46 21062 15637 67.79 

m40_s1_b1_d55 12516 12444 99.42 11983 10957 87.54 

m40_s1_b1_d62 111244 110441 99.28 108417 98402 88.46 

m40_s1_b1_d69 78568 78083 99.38 76439 69266 88.16 

m40_s1_b1_d76 19123 18997 99.34 18604 17360 90.78 

m40_s1_b1_d83 99787 99150 99.36 97504 90326 90.52 

m40_s1_b2_d41 107001 106247 99.30 104394 94235 88.07 

m40_s1_b2_d48 64267 63911 99.45 62564 56767 88.33 

m40_s1_b2_d55 6837 6793 99.36 6404 5661 82.8 

m40_s1_b2_d62 83367 82382 98.82 81003 75017 89.98 

m40_s1_b2_d69 55441 54959 99.13 53906 50200 90.55 

m40_s1_b2_d76 4853 4813 99.18 4499 3890 80.16 

m40_s1_b2_d83 120923 119867 99.13 117898 107429 88.84 

m40_s1_b3_d41 38880 38627 99.35 37314 32361 83.23 

m40_s1_b3_d48 87636 87020 99.30 85071 75228 85.84 

m40_s1_b3_d55 73113 72556 99.24 70903 61481 84.09 

m40_s1_b3_d62 65019 64596 99.35 63396 57579 88.56 

m40_s1_b3_d69 31302 31143 99.49 29885 25059 80.06 

m40_s1_b3_d76 47476 47079 99.16 45771 39331 82.84 

m40_s1_b3_d83 10829 10745 99.22 8636 4091 37.78 

m40_s2_b1_d41 125390 124555 99.33 122205 113378 90.42 

m40_s2_b1_d48 61688 61181 99.18 60063 54522 88.38 

m40_s2_b1_d55 52880 52494 99.27 50908 43052 81.41 

m40_s2_b1_d62 73676 73130 99.26 71685 63907 86.74 

m40_s2_b1_d69 40268 39920 99.14 38924 34925 86.73 

m40_s2_b1_d76 7946 7692 96.80 6505 4431 55.76 

m40_s2_b1_d83 155438 153680 98.87 150915 140461 90.36 

m40_s2_b2_d41 111912 111112 99.29 108895 99166 88.61 

m40_s2_b2_d48 94534 93881 99.31 92045 81617 86.34 

m40_s2_b2_d55 56602 56174 99.24 54942 49559 87.56 

m40_s2_b2_d62 34222 33940 99.18 32563 26506 77.45 

m40_s2_b2_d69 75327 74761 99.25 73082 64225 85.26 

m40_s2_b2_d76 53138 52801 99.37 51752 47496 89.38 

m40_s2_b2_d83 181133 179781 99.25 175753 159730 88.18 

m40_s2_b3_d41 81602 81096 99.38 79446 73660 90.27 

m40_s2_b3_d48 85514 84680 99.02 82708 74755 87.42 

m40_s2_b3_d55 17099 16987 99.34 16496 15007 87.77 
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Sample ID 
Demultiplexed 

reads 

DADA2 

filter pass 

% DADA2 

filter pass 

kept after DADA2 

denoising 

kept after 

DADA2 merging 

% kept after 

DADA2 merging 

m40_s2_b3_d62 61775 61337 99.29 60163 54387 88.04 

m40_s2_b3_d69 134871 133387 98.9 130940 119475 88.58 

m40_s2_b3_d76 125930 124582 98.93 122626 114280 90.75 

m40_s2_b3_d83 123354 122333 99.17 119751 110535 89.61 

m40_s3_b1_d41 108828 108017 99.25 106217 98691 90.69 

m40_s3_b1_d48 10390 10207 98.24 9302 7438 71.59 

m40_s3_b1_d55 133336 132557 99.42 130619 121091 90.82 

m40_s3_b1_d62 112677 111751 99.18 110149 101648 90.21 

m40_s3_b1_d69 101255 100632 99.38 98386 89144 88.04 

m40_s3_b1_d76 66086 65575 99.23 63915 56503 85.5 

m40_s3_b1_d83 50261 49801 99.08 47492 40368 80.32 

m40_s3_b2_d41 107446 106672 99.28 104866 97153 90.42 

m40_s3_b2_d48 45158 44892 99.41 43897 40365 89.39 

m40_s3_b2_d55 82329 81709 99.25 80185 70913 86.13 

m40_s3_b2_d62 57134 56640 99.14 55629 51109 89.45 

m40_s3_b2_d69 85121 84464 99.23 82963 75207 88.35 

m40_s3_b2_d76 29596 29387 99.29 27259 20033 67.69 

m40_s3_b2_d83 222840 221076 99.21 217305 203378 91.27 

m40_s3_b3_d41 51634 51290 99.33 49409 40643 78.71 

m40_s3_b3_d48 60927 60377 99.1 59298 55365 90.87 

m40_s3_b3_d55 126371 125585 99.38 123396 114241 90.4 

m40_s3_b3_d62 77846 77263 99.25 75669 71024 91.24 

m40_s3_b3_d69 44635 44298 99.24 43387 38832 87.0 

m40_s3_b3_d76 179445 178104 99.25 174927 161115 89.79 

m40_s3_b3_d83 172667 171362 99.24 168738 158696 91.91 

m52_s1_b1_d41 49936 49547 99.22 48128 41263 82.63 

m52_s1_b1_d48 51539 51145 99.24 49637 43033 83.5 

m52_s1_b1_d55 60307 59922 99.36 59003 54733 90.76 

m52_s1_b1_d62 84485 83824 99.22 82306 74673 88.39 

m52_s1_b1_d69 68044 67609 99.36 65869 57838 85.0 

m52_s1_b1_d76 36957 36661 99.2 35820 32304 87.41 

m52_s1_b1_d83 153943 152378 98.98 150207 138402 89.9 

m52_s1_b2_d41 87998 87402 99.32 86222 80855 91.88 

m52_s1_b2_d48 93938 93291 99.31 91685 84948 90.43 

m52_s1_b2_d55 58321 57904 99.28 56370 49641 85.12 

m52_s1_b2_d62 31322 31108 99.32 30037 26274 83.88 

m52_s1_b2_d69 49107 48819 99.41 47530 43201 87.97 

m52_s1_b2_d76 37251 36983 99.28 35789 30640 82.25 

m52_s1_b2_d83 51473 51072 99.22 49933 44822 87.08 

m52_s1_b3_d41 57510 57190 99.44 56207 51830 90.12 

m52_s1_b3_d48 79655 79145 99.36 77677 70575 88.6 



  

73 
 

Sample ID 
Demultiplexed 

reads 

DADA2 

filter pass 

% DADA2 

filter pass 

kept after DADA2 

denoising 

kept after 

DADA2 merging 

% kept after 

DADA2 merging 

m52_s1_b3_d55 56091 55065 98.17 53645 47494 84.67 

m52_s1_b3_d62 82178 81677 99.39 80052 72256 87.93 

m52_s1_b3_d69 27732 27582 99.46 25844 18145 65.43 

m52_s1_b3_d76 47692 46917 98.37 45782 40906 85.77 

m52_s1_b3_d83 27308 27033 98.99 26331 24390 89.31 

m52_s2_b1_d41 96376 95513 99.10 93690 85249 88.45 

m52_s2_b1_d48 40927 40610 99.23 39336 34722 84.84 

m52_s2_b1_d55 93554 92941 99.34 91053 82591 88.28 

m52_s2_b1_d62 41405 41160 99.41 40032 35277 85.2 

m52_s2_b1_d69 24267 24069 99.18 23087 19936 82.15 

m52_s2_b1_d76 163770 162765 99.39 154147 84099 51.35 

m52_s2_b1_d83 138117 136837 99.07 134817 127729 92.48 

m52_s2_b2_d41 77232 76674 99.28 75283 69925 90.54 

m52_s2_b2_d48 42265 41413 97.98 40137 35223 83.34 

m52_s2_b2_d55 37570 37334 99.37 35662 30402 80.92 

m52_s2_b2_d62 51064 50696 99.28 49338 44955 88.04 

m52_s2_b2_d69 48110 47217 98.14 46065 41075 85.38 

m52_s2_b2_d76 115528 114750 99.33 112340 99500 86.13 

m52_s2_b2_d83 199972 198641 99.33 193964 171098 85.56 

m52_s2_b3_d41 57521 57169 99.39 56096 51520 89.57 

m52_s2_b3_d48 138444 112357 81.16 109910 100279 72.43 

m52_s2_b3_d55 49510 49188 99.35 48317 44574 90.03 

m52_s2_b3_d62 177087 175887 99.32 163561 119391 67.42 

m52_s2_b3_d69 133235 116548 87.48 114300 105641 79.29 

m52_s2_b3_d76 83108 82346 99.08 81195 76526 92.08 

m52_s2_b3_d83 80222 79544 99.15 78138 73487 91.6 

m52_s3_b1_d41 103595 102729 99.16 101336 94459 91.18 

m52_s3_b1_d48 109531 108976 99.49 104481 55507 50.68 

m52_s3_b1_d55 97903 97109 99.19 95675 88601 90.5 

m52_s3_b1_d62 143748 142544 99.16 140578 131326 91.36 

m52_s3_b1_d69 101078 100405 99.33 98314 87221 86.29 

m52_s3_b1_d76 27510 27277 99.15 26472 24302 88.34 

m52_s3_b1_d83 112912 111994 99.19 109660 101132 89.57 

m52_s3_b2_d41 103173 102410 99.26 100669 91660 88.84 

m52_s3_b2_d48 58998 58620 99.36 56316 41749 70.76 

m52_s3_b2_d55 47066 46693 99.21 45780 42280 89.83 

m52_s3_b2_d62 123575 122612 99.22 120658 112321 90.89 

m52_s3_b2_d69 79147 78394 99.05 77461 72600 91.73 

m52_s3_b2_d76 79721 79043 99.15 76898 67334 84.46 

m52_s3_b2_d83 171622 170149 99.14 166825 152679 88.96 

m52_s3_b3_d41 34393 34124 99.22 32997 27746 80.67 
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denoising 

kept after 
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DADA2 merging 

m52_s3_b3_d48 57557 57188 99.36 56039 51819 90.03 

m52_s3_b3_d55 33029 32802 99.31 32002 28403 85.99 

m52_s3_b3_d62 138956 137977 99.3 134163 117909 84.85 

m52_s3_b3_d69 19863 19746 99.41 19157 16962 85.39 

m52_s3_b3_d76 82925 82422 99.39 80609 73681 88.85 

m52_s3_b3_d83 150579 149212 99.09 146386 134348 89.22 

mbs_s1_b1_d41 114799 113505 98.87 111856 103694 90.33 

mbs_s1_b1_d48 63895 63516 99.41 62390 58149 91.01 

mbs_s1_b1_d55 32804 32467 98.97 31550 28103 85.67 

mbs_s1_b1_d62 65746 65232 99.22 64269 58589 89.11 

mbs_s1_b1_d69 81560 80955 99.26 79478 72740 89.19 

mbs_s1_b1_d76 37785 37381 98.93 36299 31541 83.47 

mbs_s1_b1_d83 257259 255237 99.21 251399 231160 89.85 

mbs_s1_b2_d41 77906 77308 99.23 76160 70028 89.89 

mbs_s1_b2_d48 48439 48017 99.13 46651 40623 83.86 

mbs_s1_b2_d55 132762 131834 99.30 130109 120928 91.09 

mbs_s1_b2_d62 43939 43656 99.36 42739 39177 89.16 

mbs_s1_b2_d69 27996 27799 99.3 27057 24115 86.14 

mbs_s1_b2_d76 74940 74343 99.2 72949 65231 87.04 

mbs_s1_b2_d83 89564 88780 99.12 87131 79205 88.43 

mbs_s1_b3_d41 146162 145220 99.36 143269 133049 91.03 

mbs_s1_b3_d48 103773 102992 99.25 100865 89398 86.15 

mbs_s1_b3_d55 107527 106673 99.21 104397 92408 85.94 

mbs_s1_b3_d62 113091 112235 99.24 110337 102542 90.67 

mbs_s1_b3_d69 55666 55241 99.24 53460 46291 83.16 

mbs_s1_b3_d76 137079 135783 99.05 133228 118487 86.44 

mbs_s1_b3_d83 82676 82059 99.25 80704 75168 90.92 

bso_s1_b1_d41 137133 136054 99.21 133505 119192 86.92 

bso_s1_b1_d48 222938 221347 99.29 216685 194684 87.33 

bso_s1_b1_d55 36938 36650 99.22 35015 26359 71.36 

bso_s1_b1_d62 73567 73025 99.26 71297 64739 88 

bso_s1_b1_d69 48197 47835 99.25 46491 40332 83.68 

bso_s1_b1_d76 43315 43012 99.3 41463 34532 79.72 

bso_s1_b1_d83 81636 80990 99.21 78671 68487 83.89 

bso_s1_b2_d41 102352 101036 98.71 99263 91694 89.59 

bso_s1_b2_d48 59015 58527 99.17 57237 51848 87.86 

bso_s1_b2_d55 81044 80394 99.20 78492 68594 84.64 

bso_s1_b2_d62 92370 91679 99.25 89221 77122 83.49 

bso_s1_b2_d69 14577 14478 99.32 13714 11709 80.33 

bso_s1_b2_d76 92640 91991 99.3 89656 78593 84.84 

bso_s1_b2_d83 80477 79957 99.35 77784 68409 85 
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bso_s1_b3_d41 96058 95293 99.20 93348 84605 88.08 

bso_s1_b3_d48 99190 98308 99.11 95717 81510 82.18 

bso_s1_b3_d55 80030 79206 98.97 77122 64648 80.78 

bso_s1_b3_d62 81079 80371 99.13 78492 70638 87.12 

bso_s1_b3_d69 43156 42878 99.36 41708 37394 86.65 

bso_s1_b3_d76 96812 95797 98.95 93738 86538 89.39 

bso_s1_b3_d83 67388 66824 99.16 65336 59250 87.92 

bso_s2_b1_d41 72994 72474 99.29 70783 63381 86.83 

bso_s2_b1_d48 42355 41976 99.11 41038 36534 86.26 

bso_s2_b1_d55 32444 32205 99.26 31093 26684 82.25 

bso_s2_b1_d62 57112 56683 99.25 55144 49506 86.68 

bso_s2_b1_d69 29932 29714 99.27 28531 25027 83.61 

bso_s2_b1_d76 63407 62842 99.11 61472 56200 88.63 

bso_s2_b1_d83 215610 213991 99.25 209581 194762 90.33 

bso_s2_b2_d41 124845 123892 99.24 120840 111039 88.94 

bso_s2_b2_d48 106936 105671 98.82 103041 90247 84.39 

bso_s2_b2_d55 8223 8163 99.27 6749 3128 38.04 

bso_s2_b2_d62 55031 54641 99.29 53287 46665 84.8 

bso_s2_b2_d69 34076 33683 98.85 32420 27197 79.81 

bso_s2_b2_d76 132098 130951 99.13 128456 115509 87.44 

bso_s2_b2_d83 191075 189094 98.96 185154 170190 89.07 

bso_s2_b3_d41 23991 23819 99.28 22948 20083 83.71 

bso_s2_b3_d48 126141 124929 99.04 122815 113129 89.68 

bso_s2_b3_d55 29269 29042 99.22 28031 24783 84.67 

bso_s2_b3_d62 96934 96146 99.19 94154 82447 85.05 

bso_s2_b3_d69 117198 115943 98.93 113619 99201 84.64 

bso_s2_b3_d76 146394 145370 99.30 142512 131546 89.86 

bso_s2_b3_d83 148039 130706 88.29 126917 116887 78.96 

bso_s3_b1_d41 106050 105186 99.19 103154 93513 88.18 

bso_s3_b1_d48 33783 33522 99.23 32475 28678 84.89 

bso_s3_b1_d55 50403 50008 99.22 48875 44066 87.43 

bso_s3_b1_d62 106980 106080 99.16 103570 92656 86.61 

bso_s3_b1_d69 126094 125063 99.18 122536 111041 88.06 

bso_s3_b1_d76 36488 36236 99.31 34332 28551 78.25 

bso_s3_b1_d83 154324 153089 99.2 148811 131218 85.03 

bso_s3_b2_d41 187133 185596 99.18 181452 165543 88.46 

bso_s3_b2_d48 81377 80816 99.31 78933 70651 86.82 

bso_s3_b2_d55 96395 95533 99.11 93779 85145 88.33 

bso_s3_b2_d62 71410 70748 99.07 69013 63221 88.53 

bso_s3_b2_d69 86756 86235 99.40 84168 75465 86.99 

bso_s3_b2_d76 90893 90247 99.29 88311 82640 90.92 
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bso_s3_b2_d83 152994 151626 99.11 147090 127075 83.06 

bso_s3_b3_d41 89484 88211 98.58 86178 77378 86.47 

bso_s3_b3_d48 77744 77149 99.23 75424 67587 86.94 

bso_s3_b3_d55 29321 29077 99.17 28172 25020 85.33 

bso_s3_b3_d62 222735 220879 99.17 215990 198853 89.28 

bso_s3_b3_d69 39486 39237 99.37 37748 32359 81.95 

bso_s3_b3_d76 127571 126664 99.29 123654 115102 90.23 

bso_s3_b3_d83 124437 123276 99.07 120669 111521 89.62 

 

Table S1 Summary of sequencing read processing across all samples. The first column reports the sample ID 

structured as a concatenation of genotype_sowing_block_days after sowing. For each sample the table reports 

the total number of demultiplexed reads, the number and percentage of reads passing the DADA2 quality 

filtering step, the number of reads retained after DADA2 denoising, and the number and percentage of reads 

successfully retained after paired-end merging. These metrics provide an overview of read retention and data 

quality throughout the bioinformatic pipeline. m40 = early-flowering plants; m52 = late-flowering; mbs = 

ancestral line; bso = bare soil; s1–s3 = the three sowing dates; b1–b3 = the three replicates (blocks); d41–d83 

= days after sowing. 

 

Figure S1 Plot of the 210 samples ranked in ascending order of sequencing depth. The first marked increase 

in sequencing depth can be observed after the first eight samples. Based on this discontinuity and on rarefaction 

curves, a sequencing depth threshold of 14,000 reads was decided, and the first eight samples were excluded 

from subsequent analyses. 
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Figure S2 Multiple rarefaction curves of microbial alpha diversity from the rhizosphere of plants of the 

Ancestor genotype, expressed as the effective number of ASVs (ENA) across samples. Each panel represents 

a specific sampling time (d41–d83), and curves correspond to individual samples colored by replicates (blocks). 

The x-axis indicates sequencing depth (number of reads), and the y-axis shows the effective number of ASVs. 

All samples reached clear asymptotes, indicating sufficient sequencing depth to capture the majority of bacterial 

diversity present in each sample. Differences in plateau height reflect variation in alpha diversity among 

replicates and sampling times. Rarefaction curves were also generated for the observed ASV richness, Shannon 

and Simpson diversity indices, and the inverse Simpson diversity index (figures not shown). 
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Figure S3 Multiple rarefaction curves of microbial alpha diversity from the rhizosphere of early-flowering 

genotype, expressed as the effective number of ASVs (ENA) across samples. Each panel represents a specific 

sampling time (d41–d83), and curves correspond to individual samples colored by sowing dates and replicates 

(blocks). The x-axis indicates sequencing depth (number of reads), and the y-axis shows the effective number 

of ASVs. All samples reached clear asymptotes, indicating sufficient sequencing depth to capture the majority 

of bacterial diversity present in each sample. Differences in plateau height reflect variation in alpha diversity 

among sowing dates, replicates and sampling times. Rarefaction curves were also generated for the observed 

ASV richness, Shannon and Simpson diversity indices, and the inverse Simpson diversity index (figures not 

shown). 
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Figure S4 Multiple rarefaction curves of microbial alpha diversity from the rhizosphere of late-flowering 

genotype, expressed as the effective number of ASVs (ENA) across samples. Each panel represents a specific 

sampling time (d41–d83), and curves correspond to individual samples colored by sowing dates and replicates 

(blocks). The x-axis indicates sequencing depth (number of reads), and the y-axis shows the effective number 

of ASVs. All samples reached clear asymptotes, indicating sufficient sequencing depth to capture the majority 

of bacterial diversity present in each sample. Differences in plateau height reflect variation in alpha diversity 

among sowing dates, replicates and sampling times. Rarefaction curves were also generated for the observed 

ASV richness, Shannon and Simpson diversity indices, and the inverse Simpson diversity index (figures not 

shown). 
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Figure S5 Multiple rarefaction curves of microbial alpha diversity from the bare soil, expressed as the effective 

number of ASVs (ENA) across samples. Each panel represents a specific sampling time (d41–d83), and curves 

correspond to individual samples colored by sowing dates and replicates (blocks). The x-axis indicates 

sequencing depth (number of reads), and the y-axis shows the effective number of ASVs. All samples reached 

clear asymptotes, indicating sufficient sequencing depth to capture the majority of bacterial diversity present in 

each sample. Differences in plateau height reflect variation in alpha diversity among sowing dates, replicates 

and sampling times. Rarefaction curves were also generated for the observed ASV richness, Shannon and 

Simpson diversity indices, and the inverse Simpson diversity index (figures not shown). 
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4. Bioextracts as Potential Environment-Friendly 

Anti-Mycotoxin Compounds 

Increasing research attention is being directed toward preventive strategies for mycotoxin control 

based on sustainable crop protection approaches. In this context, bio-based extracts derived from 

agricultural and agro-industrial by-products are emerging as promising low-impact tools to limit 

fungal development and mycotoxin production. In line with the principles of circular economy, this 

study evaluates four plant- or seaweed-based extracts and discusses their potential to mitigate 

mycotoxin occurrence through sustainable and environmentally sound crop protection strategies. 

 

4.1. Article Under Review in Scientific Reports 

In vitro antifungal effect of plant-based and Ulva sp. extracts on 

Aspergillus flavus growth and conidia germination 

Giacomo Boscarol1, Alessandra Di Francesco1, Enrico Braidot1*, Marco Vuerich1, Francesco 

Boscutti1, Valentino Volpe2, Michele Fabro2, Urska Vhrovsek3, Elisa Petrussa1  

1 Department of Agricultural, Food, Environmental and Animal Sciences (DI4A), University of Udine, Via 

delle Scienze 206, 33100 Udine, Italy 

2 Servizio fitosanitario e chimico, ricerca, sperimentazione e assistenza tecnica, ERSA, via Sabbatini 5, 33050 

Pozzuolo del Friuli (UD), Italy 

3 Foundation Edmund Mach, via Edmund Mach 1, 38098 San Michele all'Adige (TN), Italy 

* Corresponding Author 

 

Abstract 

Mycotoxins in cereals, particularly maize, pose a significant threat to agriculture, worsened by climate 

change. Therefore, developing effective mitigation strategies are urgently claimed. Plant waste and 

seaweed extracts offer promising sources of phytochemicals for combating fungal plant pathogens. 

This study investigated the in vitro antifungal potential and polyphenol composition of hydroalcoholic 

extracts from plant waste materials and seaweed (Ailanthus altissima (Mill.) Swingle leaves, Humulus 

lupulus L. trub, Olea europaea L. leaves and Ulva sp. thallus). With the exception of O. europaea, all 

extracts inhibited Aspergillus flavus growth, with Ulva sp. showing the highest efficacy (EC50 = 14.2 

mg/mL). Analysis revealed enrichment in glycosylated flavonols and hydroxycinnamic acids across 

extracts, while Ulva sp. specifically contained rosmarinic acid, p-hydroxybenzoic acid, and uronic acid 

and sulfate groups, characteristics of ulvan polysaccharides. These results suggest Ulva biomass is a 

promising botanical source for Aspergillus flavus biocontrol, paving the way for its future application 

in agriculture and post-harvest systems. 
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Highlights 

Ulva, Ailanthus and Humulus trub-based hydroalcoholic extracts inhibit in vitro A. flavus mycelial growth 

at different efficacy levels 

Ulva extract resulted the more promising, with a EC50 of 14.2 mg/mL and a 91% complete inhibition 

at about 20 mg/mL 

Ulva extract also affected conidial germination in a dose-dependent manner, reaching a complete 

inhibition at 14.0 mg/mL after 16 h of incubation. 

Biochemical characterization of extracts revealed Ulva to be specifically rich in rosmarinic and p-

hydroxybenzoic acid and to contain ulvan polysaccharides  

Ulva-derived and plant waste-based natural extracts could represent potential sustainable alternatives 

in maize pest management 

 

Introduction 

Aflatoxins produced by Aspergillus species contaminate major crops and pose severe health risks 

(Zingales et al., 2022). Climate-driven changes in temperature and humidity have increased 

contamination risks in the temperate Europe, like northern lowlands of Italy, where maize represents 

the predominant crop (Ferrari et al., 2023; Giorni et al., 2016; Leggieri et al., 2021). Major key factors 

for augmented risk of mycotoxin contamination in maize (interaction of high temperature and low 

water activity in kernel, European corn borer infestation and the predicted increase in global average 

temperature and worsening of drought stress events) are considered to be the main drivers for the 

emerging concerns for food and feed safety, with large economic and social impacts (Battilani et al., 

2016; Medina et al., 2017; Molnár et al., 2023; Zingales et al., 2022). Extensive efforts have been made 

to identify natural inhibitors such as biological extracts or antagonistic microorganisms for 

counteracting fungal invasion and aflatoxin contamination (Ahmed et al., 2022). Among them, plant-

based extracts are characterized by a high content of phenolic acids and terpenes, for which 

antioxidant bioactivity and antifungal properties have been widely recognized (Ahmed et al., 2022; 

Montibus et al., 2021), providing an environmentally friendly and safe alternative to synthetic 

pesticides (Giorni et al., 2023; Makhuvele et al., 2020). In particular, bio-extracts obtained from 

agriculture, forestry and food by-products (e.g., Olea, Ailanthus, grape canes, spent hops from brewery 

industry) have been shown to exert a wide range of antimicrobial actions (Bartmańska et al., 2018; 

Bilel et al., 2023; Y. Li et al., 2021; Taillis et al., 2023). Moreover, they are more readily available due 
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to the abundance of raw source biomass in nature, and the preparation processes are often less 

polluting than traditional chemical synthesis processes. These extracts are also believed to act 

synergistically with other different active compounds, and to elicit natural defence responses in plants 

(Filippi et al., 2019; Giorni et al., 2023; Vuerich et al., 2023). Marine seaweeds, rich in 

polysaccharides and polyphenols, are also emerging as valuable biostimulants or antimicrobial 

products for agricultural applications (El Fayoumy et al., 2022; El-Bilawy et al., 2022; Zarraonaindia 

et al., 2023a). In this perspective, we investigated the effectiveness of four extracts (from Ailanthus 

altissima (Mill.) Swingle as environmentally invasive organisms, Ulva sp. as collected environmental 

biomass from coastal waters, Olea europaea L., 1753 cv. Gargazzo and Humulus lupulus L., 1753 as 

processing wastes) against A. flavus mycelium growth and conidial germination. Extracts have been 

then characterized for their polyphenolic profile by UHPLC-MS. The results provided information 

on different by-products as sources for sustainable control of mycotoxigenic fungi. 

 

Material and methods 

Plant and seaweed collection and extraction 

Plant materials were collected in Friuli Venezia Giulia Region during 2023 and 2024 (Table S1). A. 

altissima and O. europaea leaves were collected during summer, cleaned and stored at -80 °C until use. The 

Ulva biomass was handpicked during summer-mid autumn 2023-2024 from the intertidal zone in the 

Marano Lagoon, Northeastern Adriatic Sea coast, after natural green tide/bloom events. The 

collected material was visually identified and consisted predominantly of  Ulva rigida L., 1753, with 

the co-occurrence of  Ulva laetevirens Areschoug, 1854. The biomass was rigorously cleaned in the 

laboratory, by rinsing several times in distilled water to remove sediments and then quickly dried 

with blot paper and stored at -80 °C until use. H. lupulus trub was kindly provided by “Severino 

Garlatti Costa” brewery as a by-product of  beer production: after whirlpool and cooling the protein-

tannin-hop residue (often termed as hot trub) precipitated from the hopped wort tub is obtained, a portion 

of which was used for this survey. Extracts were prepared via hydroalcoholic maceration (50% 

ethanol, ratio 1:10) overnight in agitation and darkness at room temperature. After centrifugation 

at 28 000 × g for 10 min, the supernatant fraction was collected, filtered and lyophilized with Christ 

Epsilon 2-4 LSCplus-Del Tek. After lyophilization, all the extracts (hereafter Ailanthus, Humulus trub, 

Olea and Ulva) were suspended in 100% ethanol to a concentration of 0.25-0.3 g mL-1 (dry weight 

basis), filtered with 50 µm nylon gauze to discard solid precipitate and stored at -20 °C until use. For 

antifungal activity assay, two or more independently prepared batches of the extracts were used. 
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Antifungal assays 

A. flavus (AF11999 from “Servizio fitosanitario e chimico, ricerca, sperimentazione e assistenza 

tecnica” of the Regional Agency for Rural Development, Friuli Venezia Giulia Region) inhibition was 

assessed using the agar well diffusion method (Sadallah et al., 2025). The fungal isolate was grown on 

potato dextrose agar (PDA, 39 g/L) (Oxoid, UK) and incubated at 25 °C for 7 days (12 h light/12 

h dark photoperiod). Spores were harvested by scraping the agar plate and suspended on sterile 

water containing Tween80 (0.05%). To confirm the reproducibility of the antifungal activity, the assay 

was performed using multiple, independent batches of the extract (i.e., at least two or three separate 

extraction runs). Fungal pathogen suspension was infused on PDA medium (50 mL per square 

plate, 10 cm × 10 cm) reaching a final concentration of 1×105 conidia mL-1. Sixteen equidistant holes 

per plate (8 mm, Ø) were punched aseptically with a sterile tip and 50 µL of different water-diluted 

concentrations of each bio-extract were added into four wells on the same line. The baseline 

concentration ranged from 0-170 g L-1. A control plate with the same solvent:water concentration was 

run in parallel. Plates were incubated at 25 °C for 4 days. Inhibition was calculated as the ratio 

between the halo area (mm2) devoid of fungal mycelium and the potential diffusion space 

(total area of imaginary circles centred on each hole) (Figure S1). Images of Petri dishes were 

acquired by a digital camera (Panasonic Lumix GH5) and evaluated by ImageJ Fiji software. The 

sample unit consisted of one plate per extract (4 holes per concentration) and the experiment 

was repeated at least twice. Conidial germination was monitored in malt extract broth (MEB) in 

multiwell microplate with Ulva extract doses ranging from 1.4 to 14.0 mg mL-1. Each well was adjusted 

to the final concentration of 1x105 conidia mL-1 and incubated in continuous agitation (150 rpm) in 

the dark at 28 °C for up to 24 h. Controls consisted of MEB and ethanol without extract. The onset 

of spore germination was monitored carefully by optical microscope by evaluating germ tube 

germination. Conidia were considered germinated when the germ tube was two times longer than the 

conidial diameter. The percentage of germination and germ tube length were determined after 16 h of 

incubation by acquiring photographs with a digital camera and analysing images with ImageJ Fiji 

software. The sample unit was composed of 6 wells for each condition. Conidia germination and germ 

tube elongation (μm) were determined on a number of conidia ranging from 40 to 90 per treatment (3 

replicates with at least 13 conidia each). The assay was repeated twice. 

 

Chemical analyses 

Phenolic compounds were characterized by modified UHPLC-MS, adapted from Vrhovsek et al. 

(2012) and described in Filippi et al., (2021). LOD and LOQ values were established for each 

compound, with LOD calculated as one-third of LOQ. Prior to analysis, the extract was filtered using 

a 0.2 µm PTFE filter. Chromatography was performed on a Waters Acquity UPLC system equipped 

with an HSS T3 column, while mass spectrometry detection was carried out using a Waters Xevo 



  

85 
 

triple-quadrupole mass spectrometer with an ESI source. Compound identification and 

quantification were based on reference standards, retention times, and characteristic ion patterns. 

Results were expressed as µg g-1 of dry weight of extract, and data processing was performed 

using Waters MassLynx software. 

Uronic acids in Ulva extract were measured according to the colorimetric method described by 

Connan (2015), based on the reaction of anthrone with both neutral and uronic acid sugars with 

double absorbance reading at 560 and 620 nm, using glucose and glucuronic acid as standard, 

respectively. Total sulfate content was analysed by the turbidimetric method using the barium 

chloride-gelatin reagent, following the protocol described by Torres et al., (2021). The content of 

uronic and sulfate acids was expressed as percentage in dry mass of the extract. 

 

Statistical analysis 

All statistical analyses were performed using R (v4.2.2) and RStudio (v2024.12.0). The antifungal 

activity of the extracts was visualized by fitting a dose–response logistic model for each extract 

separately using “drda” package (R core, 2024). For each dose-response logistic model four 

parameters were calculated: α is the value of the function when x → –∞, δ is the height of the curve, 

ε is the steepness (growth rate) of the curve, φ is the x value at which 50% of the maximum δ is 

reached (EC50). To investigate whether the extracts had different effects on fungal growth, a dose-

response logistic model was fitted for each replicate separately and ANOVA analyses were 

performed on the four parameters describing the curves. The ANOVA assumptions were verified 

using the diagnostic plots of the model residuals. A Tukey’s Honest Significant Difference (HSD) 

post hoc analysis was performed to test for significant differences among the selected parameters. 

A Principal Component Analysis (PCA) was performed on a centred and scaled matrix containing 

the concentration of polyphenolic compounds present in each extract. PCA was performed using 

base R function “prcomp”. 

To test the effect of different concentrations of Ulva on conidial germination and on germ tube length, 

ANOVA analyses were performed. The ANOVA assumptions were verified using the diagnostic 

plots of the model residuals. A Tukey’s Honest Significant Difference (HSD) post hoc analysis was 

performed to identify which concentrations had significantly different effects from the others. 

 

Results 

Antifungal activity of extracts against A. flavus 

After three days of incubation, Ulva, Ailanthus, and Humulus trub showed dose-dependent mycelial 

inhibition, showing a clear circular halo, where a larger halo area is directly proportional to greater 

potency of  the extract (Figure S2). Conversely, in the negative control (where only the solvent/water 
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was applied), no such clear zone was evident, confirming that the fungal mycelium grew uniformly up 

to the edge of  the well. To compare the in vitro efficacy of the three extracts, dose-response curves 

were built as shown in Figure 1. ANOVA analysis revealed three of the four logistic parameters of 

the dose-response curves were significantly different among extracts (p < 0.001) (Supplemental Table 

S2). Ulva and Ailanthus reached maximal inhibition levels above 90% (δ = 91.3±4% and 94.8±0.9%, 

respectively), quite higher compared to that found for Humulus trub (52.9±2.5%) (Figure 2). 

However, Ulva was 10-times more effective than Ailanthus and Humulus trub: Ulva’s EC50 was 

significantly lower than Ailanthus or Humulus trub (φ = 14.2±0.4 vs. 140.7±1.1 or 113.7±4.2 mg mL-

1, respectively). The lower limit α, explaining the minimal inhibition resulting from each dose-

response curve fitting, was also significantly lower in both Ulva and Humulus trub extracts than 

Ailanthus (0.5±1.9 and 2.4±1.2 vs. 7.0±0.8). The fourth parameter, the slope of the curve (η), was 

found to be not significantly different. 

 

Figure 1 In vitro dose-response curves displaying the antifungal activity of the three most efficient extracts; each 

extract of Ailanthus, Humulus trub and Ulva was serially diluted in sterile water and evaluated by well diffusion 

testing and each dose-response curve was calculated using a 4-parameter logistic fit function. The full model was 

represented by the formula y = α + δ / (1 + η * exp (-e * (x - φ))) ^ (1 / η), where α = lower limit, δ = upper limit, 

η = slope of the curve, φ = EC50, eventually simplified according to the Akaike Information Criterion. At least 

three different replicates of data for each concentration were used. 
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Figure 2 Boxplots of one-way ANOVA analysis for extract effect on logistic parameters of antifungal activity 

dose-response curve; a δ = upper limit; b φ = EC50. The actual values of δ were 91.3±4 (Ulva), 94.8±0.9 

(Ailanthus), and 52.9±2.5 % (Humulus trub), whereas for φ 14.2±0.4 (Ulva), 140.7±1.1 (Ailanthus) and 113.7±4.2 

mg mL-1 (Humulus trub). Different letters denote a statistically significant difference (p < 0.01) between extracts. 

Vertical lines correspond to minimum and maximum values, coloured boxes are delimitated by first and third 

quartiles, horizontal line inside the boxes represents the median. The lower limit (α) and the slope of the curve 

(η) are not shown; η was found to be not significantly different among the three extracts. 

 

Polyphenol profile in plant and seaweed extracts 

To understand if the antifungal inhibition differences of the extracts could be associated with specific 

biochemical composition, we investigated their polyphenolic profile, given their well-known potential 

antioxidant and antimicrobial actions. Polyphenolic characterization and relative content (Table 1 and 

Figure S3) of the three extracts quantified 35 different phenolic compounds, the classes of 

glycosylated flavonoids (quercetin and kaempferol glycosides) and hydroxycinnamic acids being the 

most abundant. The extracts had compositions that differed in the total amount of polyphenols: 

Ailanthus yielded the highest concentration (8620±230 µg g-1 DW), 300 times higher than Ulva (26±1 

µg g-1 DW). An intermediate value of 785±63 µg g-1 DW was found in Humulus trub. Ailanthus and 

Humulus trub were also characterized by a higher biochemical diversity, including at least seven 

different classes of polyphenols, whereas Ulva had only hydroxycinnamic and hydroxybenzoic acids 

and flavonols. In detail, Ailanthus is enriched in glycosylated and substituted flavonols (quercetin, 

kaempferol and rutin), which accounted for 55% of the total (4758 µg g-1 DW), with quercetin 

glucosides being the most abundant flavonols (2589±56 and 1443±39 µg g-1 DW for quercetin-3-

glucoside + quercetin-3-galactoside and kaempferol-3-glucoside, respectively). Ailanthus was also 

characterized by a high amount of hydroxycinnamic acids (2498 µg g-1 DW in total, e.g. 29% of total 



 

88  
 

polyphenols), mostly represented by chlorogenic acids, particularly neochlorogenic acid (1861±24 µg 

g-1 DW) and hydroxybenzoic acids (851 µg g-1 DW in total, e.g. 10% of total polyphenols). The 

extract contained unique compounds, compared with Humulus trub and Ulva, such as hydrolysable 

tannin ellagic acid (744±52 µg g-1 DW, 8.63%) and lower quantities of chalcones, coumarins and 

hydroxyflavones like apigenin. Arbutin and sinapyl alcohol (321±5 µg g-1 DW, 4%) were also 

identified. In Humulus trub, two hydroxycinnamoyl alcohols (407 µg g-1 DW) and several 

proanthocyanidins (flavan-3-ols) (169 µg g-1 DW) represented the most abundant polyphenolic 

classes, accounting for 52 and 21% of the total amount, respectively. As in Ailanthus, flavonol 

glucosides were well-represented (18%), reaching quercetin and kaempferol glucosides (61±4 and 

68±4 µg g-1 DW, respectively). Among the hydroxycinnamic acids, ferulic acid was the most 

represented at 21±2 µg g-1 DW accounting for 4.9% of the total polyphenols. In addition, the extract 

also contains arbutin and, to a less extent, hydroxybenzoic acids such as vanillin and vanillic acid. 

Interestingly, Ulva contained the lowest total amount of polyphenols and did not show unique classes. 

Indeed, flavonols, hydroxybenzoic and hydroxycinnamic acids were shared by all three extracts. 

However, in Ulva the relative contributions of these compounds were different, since 

hydroxycinnamic acids accounted for most of the total polyphenols (24 µg g-1 DW, 92% of the total) 

and were particularly rich in rosmarinic acid and, at a lower extent, in caffeic acid. Other well 

represented polyphenols were p-hydroxybenzoic acid and vanillin in the class of hydroxybenzoic acids 

(1.34 µg g-1 DW, 5% of the total), and flavanol glucosides (e.g., quercetin-3-substituted, kaempferol-

3-glucoside and rutin), whose total amount reached 3% of the polyphenolic fraction. Notably, among 

hydroxybenzoic acids, the amount of p-hydroxybenzoic acid in Ulva was 6- and 14-fold higher than 

those of Humulus trub and Ailanthus, respectively. 

 

Compound 
 

Ailanthus 

(μg g-1 DW) 

Humulus trub 

(μg g-1 DW) 

Ulva 

(μg g-1 DW) 
Antifungal activity 

Hydroxybenzoic acids    
(El-Bilawy et al., 2022); 

(Huo et al., 2023) 

p-hydroxybenzoic acid 0.057 ± 0.003 0.144 ± 0.034 0.795 ± 0.170  

vanillin 0.046 ± 0.004 3.934 ± 0.050 0.544 ± 0.089 

(Kim et al., 2006); 

(Q. Li et al., 2022); 

(Ríos-López et al., 2024) 

vanillic acid 0.099 ± 0.005 3.188 ± 0.108 n.d. 
(Kim et al., 2006); 

(Palumbo et al., 2007) 

gallic acid 107.082 ± 8.144 n.d. n.d. (Palumbo et al., 2007) 

ellagic acid 744.156 ± 52.386 n.d. n.d.  

Coumarins     

daphnetin 6.099 ± 0.506 n.d. n.d.  
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esculin 17.186 ± 0.405 n.d. n.d.  

Hydroxycinnamic acids     

p-coumaric acid 1.244 ± 0.323 6.940 ± 0.772 n.d. (Kim et al., 2006) 

caffeic acid 4.750 ± 0.214 0.376 ± 0.036 0.113 ± 0.027 
(Palumbo et al., 2007); 

(Y. Guo et al., 2024) 

ferulic acid n.d. 20.511 ± 1. 815 n.d. (H. Yan et al., 2023) 

neochlorogenic acid 1860.807 ± 24.497 4.192 ± 1.199 n.d.  

cryptochlorogenic acid 32.293 ± 2.997 2.413 ± 0.647 n.d.  

chlorogenic acid 598.738 ± 18.701 4.104 ± 0.079 n.d. (Palumbo et al., 2007) 

rosmarinic acid n.d. n.d. 24.022 ± 0.255 
(Chernapalli et al., 2024); 

(Y. Xu et al., 2023) 

Hydroxycinnamyl alcohols     

coniferyl alcohol n.d. 6.436 ± 0.789 n.d. (Ninkuu et al., 2023) 

sinapyl alcohol 321.645 ± 4.867 400.606 ± 23.360 n.d.  

Chalcones     

phlorizin 35.729 ± 2.664 n.d. n.d.  

Flavones     

apigenin 0.148 ± 0.054 n.d. n.d. (Castano-Duque et al., 2024) 

luteolin 0.803 ± 0.140 n.d. n.d. (Castano-Duque et al., 2024) 

luteolin-7-O-Glc 0.270 ± 0.088 n.d. n.d.  

apigenin-7-glc 3.699 ± 0.233 n.d. n.d.  

Flavan-3-ols     

catechin n.d. 12.121 ± 0.892 n.d. 
(Palumbo et al., 2007); 

(Cadenillas et al., 2024) 

epicatechin n.d. 4.231 ± 1.159 n.d. (Cadenillas et al., 2024) 

procyanidin B1 n.d. 77.187 ± 14.573 n.d.  

procyanidin B2 + B4 n.d. 7.311 ± 0.233 n.d.  

procyanidin B3 n.d. 67.763 ± 14.891 n.d.  

Flavonols     

kaempferol 40.068 ± 0.394 1.230 ± 0.391 n.d. (Sadeghi et al., 2024) 

quercetin 89.590 ± 3.222 1.786 ± 0.313 n.d. 
(X.-M. Li et al., 2019); 

(Castano-Duque et al., 2024) 

quercetin-3-Rha 80.484 ± 1.947 n.d. n.d.  

kaempferol-3-Glc 1442.518 ± 38.694 61.174 ± 3.844 0.371 ± 0.049  

quercetin-3-Glc+ quercetin-3-Gal 2588.968 ± 55.716 68.452 ± 4.318 0.316 ± 0.111  

quercetin-3-Glc acetyl 1.323 ± 0.301 0.230 ± 0.226 n.d.  

kaempferol-3-rutinoside 90.314 ± 3.598 3.642 ± 0.392 n.d.  

rutin 425.061 ± 11.807 7.820 ± 0.859 0.178 ± 0.038 
(Oliveira et al., 2016); 

(Sadeghi et al., 2024) 
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Hydroquinone glycosides     

arbutin 127.147 ± 26.187 19.539 ± 2.699 n.d.  

Table 1 Polyphenolic profile and relative content of Ailanthus, Humulus trub and Ulva hydroalcoholic extracts 

by HPLC-MS analysis. Values are means ± SD of triplicate analysis. n.d., not detectable. 

 

Polyphenol PCA analysis 

The PCA of the polyphenolic composition (Figure 3) effectively distinguished across the three 

extracts (Ailanthus, Humulus trub and Ulva). PC1 described 71.9% of the total variance, and PC2 

accounted for the remaining 26.6%. PC1 strongly separated the 3 replicates of Ailanthus from the 

others, mainly driven by quercetin-3-Glc, neochlorogenic acid, rutin, arbutin, ellagic acid and 

kaempferol, which are highly correlated among them and account for most of the total variance. PC2 

distinguished between Humulus trub and Ulva, with the latter characterized only by rosmarinic 

acid and p- hydroxybenzoic acid. For this reason, Ulva being the most effective one as demonstrated 

in the previous paragraph, we further investigated the antifungal capacity of those 2 polyphenols. 

Figure 3 Principal Component Analysis (PCA) of the polyphenolic composition in Ailanthus, Humulus trub and 

Ulva. 

 

Uronic and sulfate acid content in Ulva extract 

The Ulva extract was further characterized by its relative content of uronic and sulfate acids through 

spectrophotometric assays. These assays revealed that the extract contained 24±16% to 35±23% of 

uronic acids (based on dry mass) across autumn to spring samples, and 32±1% of total sulfate (data 

not shown). 
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Antifungal activity of Ulva extract on A. flavus conidial germination 

Ulva was the only extract tested in the conidial germination assay because it showed the best efficacy 

against fungal growth in the antifungal activity assay. We examined the germination rate of A. flavus 

under bright-field microscope in the presence of three different aqueous dilutions of Ulva extract, 

corresponding respectively to EC50, 1/2 EC50, and 1/10 EC50 concentrations (14.0, 7.0 and 1.4 mg 

mL-1). Conidial germination of A. flavus initiated after 10 h, reaching 97.0±2.3% germination at 16 

h in control samples. Ulva significantly reduced the percentage of germinated spores in a 

concentration-dependent manner (p < 0.001) (Supplemental Table S3 and Figure 4). Lower doses of 

1.4 and 7 mg mL-1 of Ulva decreased conidial germination rate to 66 and 19%, respectively. Where 

germ tubes were measurable, tube length was significantly decreased (50% and 66% compared to 

the control for 1.4 and 7.0 mg mL-1, respectively). Incubation with 14.0 mg mL-1 extract caused a 

complete inhibition of conidial germination. 

 

 

Figure 4 Effect of Ulva extract on A. flavus conidial germination. Inhibition effect of different concentrations 

of Ulva (a) on germ tube length (µm) and (b) on conidial germination (%) of A. flavus after 16 h of incubation 

at 28 °C. Values are mean ± SD. Different letters denote a statistically significant difference (p < 0.01) between 

concentrations. 

 

Discussion 

The contamination of maize by toxigenic fungi remains a critical threat to food safety, necessitating 

sustainable alternatives to synthetic pesticides (Giorni et al., 2023; Scaglioni et al., 2018). While many 

plant-based extracts demonstrate antifungal potential (Lagogianni & Tsitsigiannis, 2019; Matrose et 
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al., 2021; Montibus et al., 2021; Tian et al., 2023), this study specifically highlights the comparative 

value of spent biomass and seaweed as promising sources of  polyphenols. All the extracts used, 

preliminarily screened for their inhibitory effect against A. flavus, were previously reported in 

literature as active against different fungal species (Bartmańska et al., 2018; Bilel et al., 2023; 

Kozuharova et al., 2022; Y. Li et al., 2021; Taillis et al., 2023). However, Olea extract was found to be 

ineffective against A. flavus at all the investigated doses. The lack of efficacy in Olea extract likely stems 

from the extraction method and solvent polarity, which may not have captured the bioactive 

compounds typically associated with its antifungal properties (Bilel et al., 2023). Humulus trub was 

the least effective against A. flavus, even though abundant in polyphenolic compounds. Nonetheless, 

the extract affected – though at high concentrations – the fungal growth, similarly to what reported by 

others (Bartmańska et al., 2018; Giorni et al., 2023). The use of spent biomasses, such as Humulus 

trub (a brewing industry by-product), is strategically important as these materials are recognized 

sources for developing high-added-value ingredients and products, with polyphenols and bitter acids 

standing out among their bioactive compounds (Silva et al., 2023). In this context, although Humulus 

trub showed a moderate effect in our screening, its polyphenolic profile was notable, containing 

compounds with known antifungal potential (H. Yan et al., 2023), specifically, ferulic acid, 

hydroxycinnamyl alcohols, p-hydroxybenzoic acid, and vanillin. Furthermore, the presence of 

flavonoids, particularly catechins and quercetin derivatives, contributes to the extract's chemical 

complexity. These compounds, especially the flavonoid derivatives, are well-documented for their 

broad biological activities, including membrane disruption and enzyme inhibition in fungal species, 

which provides a plausible explanation for the observed, albeit moderate, fungistatic activity at higher 

concentrations (Cadenillas et al., 2024; Castano-Duque et al., 2024; X.-M. Li et al., 2019; Palumbo et 

al., 2007; Ponts et al., 2011; H. Yan et al., 2023). Ailanthus altissima demonstrated higher chemical 

diversity than other extracts, featuring a wide array of flavonols and hydroxycinnamic acids. Recently, 

methanolic extracts from Ailanthus leaves were found to be rich in flavones and flavonols, and 

caffeic and chlorogenic acids (Cocîrlea et al., 2024; Poljuha et al., 2017). While these polyphenols are 

known to complex with microbial proteins, disrupt cell membranes, and interfere with enzyme 

function, the extract’s bioactivity likely results from a synergistic effect between phenolics and other 

metabolites such as lipophilic triterpenoids or saponins (S.-S. Guo et al., 2023). A. altissima has turned 

to be one of the most aggressive alien species in Europe for which its harvesting as a low-cost raw 

material for natural pesticide production could also be a rewarding strategy in reducing its 

populations and impacts on local biodiversity (Kozuharova et al., 2022). However, in our study, 

Ailanthus extract exerted some fungistatic activity at higher concentrations compared to Ulva.  

The Ulva extract demonstrated the highest efficacy, characterized by the unique presence of 

rosmarinic acid and a high concentration of p-hydroxybenzoic acid. Rosmarinic acid is a natural 

caffeic acid ester known as a defence molecule against pathogens and herbivores and a UV protectant 
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in diverse terrestrial plant (Coiai et al., 2021). Interestingly, Chernapalli et al., (2024) stated that 

purified rosmarinic acid significantly affected mycotoxigenic fungi, in addition to airborne 

filamentous fungi (Y. Xu et al., 2023). Further in silico investigations of antifungal activity of rosmarinic 

acid by molecular docking studies evidenced that it inhibited different fungal target proteins involved 

in fungal carbon metabolism and infection process (Althobaiti, 2024; Chernapalli et al., 2024; Moin 

et al., 2024; Y. Xu et al., 2023). These reports proved this phenolic acid to be a promising candidate 

in inhibiting fungal growth and suggested some plausible mechanisms involved. Nonetheless, 

besides our study, only a few chemical profiling studies identified rosmarinic acid in marine algal 

extracts and green alga Ulva fasciata (Ghallab et al., 2022) or its possible involvement in in vitro 

inhibition of pathogenic fungi (Pourakbar et al., 2021). On the contrary, p-hydroxybenzoic acid in 

algal extracts has been recently documented as the highest phenolic compound in U. fasciata extract 

with antifungal effects (El-Bilawy et al., 2022). Interestingly, this phenolic acid has recently been shown 

to exhibit in vivo preventive and curative action at millimolar concentration as elicitor against kiwifruit 

rot caused by A. flavus (Huo et al., 2023). According to literature, cinnamic- and benzoic-derived 

phenolic compounds could act as natural host defences against Fusarium and Aspergillus spp., since 

their content was found to be higher in resistant maize genotypes reacting to silk infection than their 

non-resistant counterparts (Lorán et al., 2022; Thompson & Raizada, 2018). Accordingly, the lower 

amount of p-hydroxybenzoic acid per dry weight found in Ailanthus and Humulus trub extracts with 

respect to Ulva (being 6 and 14 times lower, respectively) could be consistent with the lower EC50 

values. Moreover, even though not specifically present only in Ulva extract, also vanillin, caffeic acid, flavonols 

derivatives and rutin may have acted synergistically with the dominant polyphenols contributing to the high 

efficacy of  the extract, by interfering with cell wall and membrane structure or ergosterol biosynthesis 

(Castano-Duque et al., 2024; Y. Guo et al., 2024; Kim et al., 2006; Q. Li et al., 2022; X.-M. Li et al., 

2019; Ríos-López et al., 2024). Besides that, it is noteworthy that other studies emphasized that 

bioactive compounds are generally more effective in whole extract, acting synergistically or additively, 

rather than as single compounds, and that minor components are critical for their maximal 

antifungal activities (Ljunggren et al., 2020; Loi et al., 2020; Pinto et al., 2013). In addition, Scaglioni 

et al., (2019) demonstrated that antioxidants, such as carotenoids, present in the complex mixture 

of a natural extract, can interact with polyphenols, thereby influencing the overall antifungal effects 

that cannot be definitively determined from data on individual compounds alone. The exceptional 

efficacy of the Ulva extract, however, suggests the involvement of other potent non-phenolic 

metabolites in addition to the polyphenols. Accordingly, using a green and safe extraction method 

(hydroalcoholic solvent and room temperature during maceration) optimized for polyphenols, we 

also specifically tested for the presence of uronic and sulfated acid groups, characteristic of ulvan 

polysaccharides, given the potential of these sulfated biopolymers to contribute significantly to the 

overall antifungal action. Ulvans have gained great attention recently as emerging biopolymers easily 
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extractable from algal biomass using hot water and subsequent ethanol precipitation (Coiai et al., 

2021), exhibiting a broad spectrum of biological and antioxidant activities (Kraithong et al., 2024). 

Recent scientific studies in agriculture have explored the potential of seaweed ulvans as active 

substances for their well-known ability to induce plant resistance against fungal diseases (Bahmani et 

al., 2023; Poveda & Díez-Méndez, 2023) and in vivo protection in wheat (de Borba et al., 2021) and 

grapevine (Shomron et al., 2022; Zarraonaindia et al., 2023b). Indeed, treatments with ulvans 

extracted from U. lactuca showed several antifungal actions against pathogenic fungi (Ben Salah et al., 

2018; El Fayoumy et al., 2022; Salim et al., 2020). However, other studies did not confirm the direct 

involvement of ulvans in the antifungal processes (Araújo et al., 2008; de Borba et al., 2021; Paulert 

et al., 2009; Reis et al., 2018). The presence of the sulfate group is an essential factor for the 

antimicrobial and antifungal activities of algal polysaccharides, as it is correlated with antioxidant 

action (Massocato et al., 2024). Discussions on biological activity of these compounds relate their 

antifungal action to the sulfated polysaccharides’ interaction with the mycelium surface, leading to 

binding with membrane receptors and alterations in plasmalemma permeability (Sruthy & Baiju, 

2024). The protective action in vivo is instead attributed to the stimulation of the plant defences 

(pathogen-related, scavenger proteins, and the oxylipin pathway) rather than a direct antifungal 

effect (Paulert et al., 2009). The explanation for this duality of effects in vivo and in vitro may lie in 

the multitude of structures and compositions that sulfated polymers of algal origin exhibit (M. Li et 

al., 2023). Given the superior antifungal efficacy of the Ulva treatment, this bio-extract demonstrates significant 

potential for future in vivo and field-scale applications directed at the biocontrol of maize and the mitigation of 

mycotoxin contamination. Consequently, further research is still necessary to fully understand ulvans 

and Ulva bioextract mechanisms and effectiveness. 

 

Conclusions 

In conclusion, we have proven that Ulva natural bio-extract exhibited a significantly higher in vitro 

antifungal efficacy against A. flavus compared to other polyphenol-rich extracts from processing waste 

or environmental collected biomass. The unique composition of Ulva extract, including specific 

polyphenols and ulvan polysaccharides, could synergistically contribute to its higher effectiveness. 

Additionally, the well-established role of these compounds in stimulating plant defence responses or 

regulating hormonal pathways, also highlights their potential as bio-stimulants. This dual 

functionality could contribute to reducing fungal pathogens’ growth by enhancing the plant 

defences. These findings pave the way for a deeper understanding of the underlying mechanisms 

and further investigation into their possible application for alternative management of fungal 

diseases in open-field conditions. Future work could therefore prioritize the controlled cultivation of 

these Ulva species to ensure a uniform biomass or establish a quality control metric based on key 

marker compounds to guarantee batch-to-batch consistency for the eventual standardization process. 
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In conclusion, the final observed antifungal efficacy across all three extracts (Humulus trub, Ailanthus 

and Ulva) should be considered not solely a function of the quantified phenolic compounds, but 

rather a composite result stemming from the synergistic action of diverse specialized metabolites. 

Future work is crucial to move beyond correlation and implement bioassay-guided fractionation to 

precisely dissect the quantitative contribution of these non-phenolic principles. Researchers must, 

however, consider that the isolation of pure active compounds is often challenging due to the 

potential chemical degradation during purification or the loss of synergistic effects from other minor 

components present in the original crude extract (Caesar & Cech, 2019; Méndez et al., 2021). 
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4.2. Supplementary Materials 

Species Organ Site 

Ailanthus altissima (Mill.) Swingle Leaf 

Lowland rural site 

Pagnacco (Udine) 

46° 7' 30.63''N; 13° 11' 44.01''E 

Humulus lupulus L. Flowers (hops) 

“Severino Garlatti Costa” brewery 

Flagogna (Udine) 

46° 12' 18.890"N; 12° 57' 6.141"E 

Olea europaea L., cv. Gargazzo Leaf 

Experimental farm “A. Servadei” 

University of Udine 

46° 2′ 3.79''N; 13° 13′ 38.34''E 

Ulva sp. Thallus 
Marano lagoon (Udine) 

45° 42′ 1.84''N; 13° 9′ 3.35''E 

Table S1 Collected material for hydroalcoholic extraction and Friuli Venezia Giulia Region site location.  

 

 

 

Parameter Df Sum Sq F value Pr(>F) 

α 2 88.153 18.92 <0.001 *** 

δ 2 4327.90 211.53 <0.001 *** 

φ 2 35533.00 2061.01 <0.001 *** 

 

Table S2 One-way ANOVA analysis of the effect of extract on logistic parameters of the antifungal activity 

dose-response curves. α = lower limit, δ = upper limit, φ = EC50. 

 

 

 

Parameter Df Sum Sq F value Pr(>F) 

Germ tube length (µm) 3 2141 23.19 <0.001 *** 

Conidia germination (%) 3 17553 24.00 <0.001 *** 

 

Table S3 One-way ANOVA analysis of effect of concentration of Ulva extract on germ tube length and 

conidia germination percentage of A. flavus after 16 h of incubation at 28°C. 

 

 

 

 



  

105 
 

 

Figure S1 Process to determine the inhibition; (a) representative images of Petri dishes used in agar-well 

diffusion test showing inhibition of A. flavus mycelium growth; the percentage of inhibition was calculated as 

the ratio between the halo area (red in b) and the total area of imaginary circles centred on each hole (yellow 

circles in c), designed so that the circles area was maximum. 

 

 

 

 

Figure S2 Representative images of Petri dishes used in agar-well diffusion test showing inhibition 

of A. flavus incubated with several dilutions of the four different extracts; upper to lower lanes of wells are 

incubated with decreasing concentrations of each extract corresponding to range of (a) 135-90 g L-1 Ailanthus; 

(b) 80-20 g L-1 Olea; (c) 110-80 g L-1 Humulus trub; (d) 50-30 g L-1 Ulva, (e) similar aliquots of hydroalcoholic 

solutions without extract were used as negative control. 

 

 

Figure S3 Relative abundance (%) of phenolic compounds per chemical classes identified in Ailanthus, Humulus 

trub and Ulva extracts. 
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5. General Conclusions 

This PhD Thesis set out to elucidate how environmental conditions shape maize 

morphophysiological traits in the field and how these plant responses, in case of fungal infection, 

influence in turn the occurrence of mycotoxins in the grain. By integrating ecophysiological 

measurements, mycotoxin analyses, statistical modelling, and multispectral images, the work aimed 

to improve predictive understanding of contamination risk under field conditions. In parallel, this 

Thesis explored the potential of sustainable, low-impact bio-extracts derived from agricultural or 

agro‐industrial by-products as preventive tools against mycotoxigenic pathogens, within a circular 

economy framework. 

Overall, the results highlight the central role of timing and biological interactions in determining 

mycotoxin risk. Both plant–environment interactions and mycotoxin contamination emerged as 

highly stage‐dependent processes, reinforcing the need to move beyond static assessments and 

toward integrative, phenology‐based approaches. 

From the perspective of prevention and sustainable management, the in vitro experiments 

demonstrated that natural bio-extracts can exhibit strong antifungal activity against Aspergillus flavus, 

with marked differences among sources. In particular, the Ulva-derived extract showed a significantly 

higher antifungal efficacy than other polyphenol-rich extracts obtained from different biological 

sources. Ulva extract inhibited A. flavus radial growth by approximately one order of magnitude (10×) 

compared with the other extracts and reduced conidial germination in a clear dose-dependent 

manner, achieving complete (100%) inhibition already at relatively low concentrations. 

This enhanced activity cannot be attributed solely to total phenolic content but rather appears to arise 

from the synergistic action of diverse specialized metabolites, including specific polyphenols and 

ulvan polysaccharides. Beyond their direct antifungal effects, these compounds are also known to 

modulate plant defence responses and hormonal pathways, suggesting a dual role as antifungal agents 

and bio-stimulants, with the potential for enhanced efficacy under in vivo conditions through the 

activation of plant-mediated defence mechanisms. 

Such multifunctionality is especially attractive in the context of sustainable agriculture, as it may 

reduce pathogen pressure both directly and indirectly by enhancing host resilience. At the same time, 

the results underline the complexity of natural extracts: future research should prioritize 

bioassay‐guided fractionation to better disentangle the contribution of individual compounds, while 

carefully considering the risk of losing synergistic effects during purification. For practical application, 

the controlled cultivation of Ulva biomass or the definition of quality control markers will be essential 

steps toward standardization and reproducibility. 

Regarding the regional-scale experiment on the multitemporal relationships between environmental 

conditions, plant morphophysiological traits, and mycotoxin accumulation, the analyses provided 
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clear evidence that aflatoxin and fumonisin contamination are governed by different, though partially 

overlapping, drivers. Plant morphophysiological traits responded to environmental factors in a highly 

dynamic manner across phenological stages. Some traits, such as chlorophyll content, appeared to be 

largely genetically determined and relatively insensitive to environmental variability, whereas others, 

including plant height and specific leaf area, showed strong but time‐dependent responses to 

temperature, rainfall, and soil properties. 

Interestingly, some traits resulted well described by statistical models already at early phenological 

stages, underlying the importance of early-stage conditions in shaping plant traits throughout the 

entire season. These early and mid‐season plant responses were not only relevant for biomass 

accumulation and yield formation but played also a role in shaping mycotoxin outcomes. Grain yield 

components, such as kernel dry weight and δ¹³C, were influenced by early vigour and functional traits, 

confirming the importance of early crop establishment and mid‐season growth for final productivity. 

Importantly, aflatoxin contamination emerged as a process partially mediated by plant physiology: 

high temperatures and low rainfall early in the season increased risk, but plant traits such as height 

and kernel δ¹³C, particularly at the beginning of stem elongation, also contributed to explaining 

variability. This suggests that the plant’s capacity to cope with stress can modulate susceptibility to 

aflatoxin accumulation. 

In contrast, fumonisin contamination was more directly and consistently linked to environmental 

conditions, with temperature during vegetative growth and rainfall patterns playing a dominant role. 

The strong association with cumulative precipitation close to harvest indicates that warm and wet 

conditions in later phenological stages are especially conducive to fumonisin production, highlighting 

the importance of end‐of‐season climate in determining risk. 

Complementary to field-based measurements, preliminary analyses from an ongoing study 

demonstrate the potential of drone-acquired multispectral imagery for remotely monitoring maize 

health and physiological status. When integrated with machine-learning approaches, particularly 

random forest models, multispectral data were able to effectively describe spatial and temporal 

variability in plant condition, capturing key signals related to crop vigour and stress responses. These 

results suggest that remote sensing can provide a scalable, non-destructive tool to support field 

monitoring, improve early detection of stress conditions associated with mycotoxin risk, and 

strengthen predictive frameworks by linking plant spectral responses with environmental drivers and 

contamination outcomes. 

Taken together, these findings support a multi‐stage and integrative framework for mycotoxin risk 

assessment in maize. Rather than relying on single environmental indicators or end‐of‐season 

observations, effective prediction and mitigation require tracking crop development, plant functional 

responses, and environmental conditions across the entire growing cycle. This approach allows the 

identification of critical windows of vulnerability (i.e., early stem elongation for aflatoxins and late 
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grain filling to harvest for fumonisins) where targeted interventions may be most effective. In this 

context, the dent stage emerges as a particularly strategic phase for management, where agronomic 

decisions such as correct irrigation practices could help limit fungal growth and toxin accumulation. 

Finally, the experiment regarding rhizosphere microbiome in maize demonstrated that rhizosphere 

bacterial diversity was primarily structured by seasonal environmental variation rather than flowering-

time divergence, with phenological effects emerging only in interaction with sowing date. These 

findings indicate that, in agroecosystems, environmental seasonality seems to override host 

developmental timing as the main driver of rhizobiome assembly. In practical terms, this points to 

the conclusion that climatic modifications may directly alter rhizobiome communities rather than 

through modifications in plant developmental timing. Consequently, predictions of plant-

microbiome responses to climate change should account not only for shifts in host phenology but 

also for the direct effects of changing environmental conditions on microbial community assembly 

and dynamics. 

Overall, the results of this Thesis highlight phenology as a key integrative component of plant–

environment interactions. 

In conclusion, this Thesis contributes to a deeper systemic understanding of maize–environment–

pathogen interactions by linking climate drivers, plant ecophysiology and mycotoxin dynamics across 

phenological stages. It also highlights the promise of sustainable bio‐based solutions as 

complementary tools for mycotoxin prevention. Together, these results provide a foundation for 

developing predictive models and integrated management strategies that are better suited to the 

challenges posed by climate variability and the need for more sustainable agricultural systems. 
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6. Future Perspectives 

The results presented in this Thesis open several promising avenues for the development of 

integrated strategies aimed at mitigating pathogen pressure in maize systems. 

In particular, this work highlights the potential of advanced statistical modelling to investigate 

environmental and morphophysiological legacies across different phenological stages. The use of 

multi-temporal models offers promising opportunities to disentangle delayed or cumulative effects 

of climatic and soil-related drivers on crop performance and contamination risk, thereby improving 

our understanding of time-dependent plant-environment interactions. 

In addition, the integration of UAV-based multispectral remote sensing with machine learning 

approaches such as random forest models further represents a key avenue for future developments. 

These methods proved valuable for capturing complex, non-linear relationships between spectral 

traits and plant responses, and their extension across both temporal and spatial scales, through the 

integration of multi-year and large-area multispectral satellite imagery, represents a key direction for 

future research. 

Finally, this work lays a solid foundation for further investigation into the potential of plant- and 

seaweed-derived bioextracts as antifungal agents, with the potential to reduce pathogen establishment 

and proliferation in a more sustainable manner compared to conventional chemical control. In this 

perspective, a key next step is the validation of laboratory findings under realistic field conditions. 

In particular, Chapter 2 (Multispectral Imagery as a Tool to Remotely Investigate Maize Health) and 

Chapter 4 (Bioextracts as Potential Environment-Friendly Anti-Mycotoxin Compounds) present 

interesting open questions, some of which we have already started to investigate through the 

experiments presented in the following sections. 

 

6.1. Multispectral Imagery as a Tool to Remotely 

Investigate Maize Health – Upscaling to Satellites 

Regarding multispectral remote sensing and statistical modelling, future work will focus on fully 

exploiting the information content of the random forest models developed using drone-acquired 

multispectral imagery. Ongoing analyses aim to interpret variable importance and model structure to 

better understand which spectral features and temporal windows are most informative for describing 

plant health, stress responses, and conditions associated with mycotoxin risk. Building on this 

foundation, a major subsequent step will be the spatial upscaling of these approaches using satellite-

based multispectral data, such as Sentinel-2 and other comparable platforms. This will enable the 

extension of plot-scale insights to the regional scale, allowing the generation of spatially explicit risk 

maps across all maize-growing areas of the region. Crucially, these satellite-derived risk maps will be 
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validated using ground truth data from the fields analysed in this Thesis, where detailed drone-based, 

morphophysiological, and mycotoxin measurements are available. 

This multi-scale validation strategy will strengthen the reliability of the models and support, in the 

longer term, their integration into operational decision-support tools. Embedding plant stress and 

mycotoxin risk prediction layers within existing agricultural platforms, such as the AgriCS 

(Agricoltura, Conoscenza, Sviluppo) Project (https://agrics.regione.fvg.it/agricsweb/), developed by 

ERSA (Regional Agency for Rural Development of Friuli Venezia Giulia, Italy) and funded under 

the EAFRD (European Agricultural Fund for Rural Development), would allow the direct translation 

of scientific outputs into actionable information for farmers, technicians, and policymakers. Such 

integration would enhance early-warning capabilities and support informed decision-making under 

increasingly variable climatic conditions. Enriching AgriCS with mycotoxin risk prediction layers 

would represent a concrete step toward providing farmers, technicians, and policymakers with 

actionable, science-based information. 

Finally, in collaboration with ERSA, there is strong interest in replicating the same experimental 

design over multiple years. Establishing a long-term monitoring network based on consistent 

protocols would allow the construction of a multi-year time series, capturing interannual variability 

in climate, crop responses, and mycotoxin contamination. Such a dataset would be valuable for 

improving model robustness, assessing climate-driven trends, and refining early-warning systems 

under future climatic scenarios. Ultimately, this long-term perspective would strengthen the capacity 

to anticipate mycotoxin risks and design adaptive, sustainable management strategies for maize 

production systems.  
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6.2. Bioextracts as Potential Environment-Friendly Anti-

Mycotoxin Compounds – An Open-Field Experiment 

Aim of the Study 

Based on the results of our previous experiments, which demonstrated that Ulva extract has great 

potential in reducing Aspergillus flavus mycelial growth and conidial germination in vitro, we decided to 

evaluate it under more realistic conditions. The aim of this study is to evaluate the efficacy of Ulva 

extract in reducing the occurrence of the pathogen and, possibly, the accumulation of mycotoxins on 

maize kernels under different water regimes in a realistic scenario. To this end, an open-field 

experiment was established in summer 2024 at the “Azienda Agraria Sperimentale A. Servadei” 

(Udine, NE Italy), focusing on Ulva extract application during silk emergence, which is a critical stage 

for fungal infection. 

Importantly, this experiment goes beyond toxin quantification alone, as fungal DNA was also 

collected to characterize changes in fungal abundance and community composition. This integrated 

approach will allow disentangling whether observed reductions in mycotoxin contamination are 

driven by direct effects on toxigenic fungi or shifts in the broader fungal community. Such evidence 

will be crucial to evaluate the robustness, consistency, and ecological implications of using Ulva-based 

products as preventive tools in open-field agriculture. 

 

Experimental Design 

On 13 May 2024, 600 maize plants of the FAO class 500 were sown and arranged in four rows with 

an inter-row spacing of 70 cm and an intra-row spacing of 20 cm (Figure 1A). The same day, 

diammonium phosphate and potassium chloride were applied at a rate of 200 kg ha-1 each. Irrigation 

was supplied through a drip irrigation system, uniformly delivering 7 mm day-1 of water to maintain 

soil moisture at field capacity. To accurately control the amount of water available to the plants, the 

field was covered with a transparent plastic sheet, leaving a 1.5 m gap between the lower edge of the 

cover and the soil surface, while keeping the ends of the tunnel open, to ensure air circulation and 

prevent excessive greenhouse effect (Figure 1D). 

The field experiment was arranged in a design with two factors: irrigation regime and bio-extract 

treatment. Each experimental plot consisted of eight plants, and plots were randomized as shown in 

Figure 1A. A total of five replicates were established. Border plants were excluded from 

measurements to minimize edge effects (Figure 1A). 

The application of differential irrigation regimes across the experimental plots started on 11 July. 

Irrigation consisted of three levels: drought stress (D, 0 mm day-1), optimal irrigation (O, 7 mm day-
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1) and excessive irrigation (E, 14 mm day-1). The differential irrigation regime ended on 30 July, after 

which all plots received 14 mm day-1. 

On 22 July we treated 120 ears, one per plant, with 20 mL of Ulva extract at 2 g L-1 (Ulva treatment). 

Another 120 ears, one per plant, were treated with an hydroalcoholic solution (EtOH) at a 

concentration of 2 g L-1 (Control). 

 

Figure 1 Experimental Design. (A) Each circle represents a maize plant; plants with a red cross were excluded 

from measurements to minimize edge effects. The experiment was a 2 × 3 factorial design: bio-extract treatment 

(two levels: Ulva treatment, in green, and Control, in grey) and irrigation regime (three levels: Drought Stress, 

Optimal Irrigation and Excessive Irrigation, represented by progressively darker shades of blue). Number of 

replicates: 5. (B) A detail of the 30 m field shortly after sowing. (C) A detail of the drip irrigation system. (D) 

Side view of the 30 m field covered with a transparent plastic sheet, leaving a 1.5 m gap between the lower edge 

of the cover and the soil surface to ensure air circulation and prevent excessive greenhouse effect. 

 

Data Collection 

Pre-treatment data were collected on 18 July (T0), while post-treatment data were collected on 29 

July (T1), according to the protocol described below. Harvest was conducted on 16 September. 

 

Soil moisture and temperature 

At the beginning of the season, two temperature sensors and eight soil water potential sensors were 

installed a few centimetres below ground and recorded data on an hourly basis. 
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Plant morphophysiological traits 

At T0 and T1 stomatal conductance was measured between 11.00 am and 12.00 am on 90 fully 

expanded leaves (three per plot) using a portable porometer (LI-600 Porometer/Fluorometer, LI-

COR Biosciences, USA). 

Plant height was measured for 90 plants (three per plot), and 90 leaves (three per plot) were collected. 

Leaves were placed in moistened plastic bags and transported to the laboratory, where they were 

photographed for specific leaf area (SLA) determination. Three 1-cm-diameter leaf discs were 

sampled from each leaf for pigment analysis and stored at -80 °C until use. Leaves were then weighed, 

oven-dried at 70 °C for 48 h and reweighed to obtain fresh and dry mass to calculate dry matter 

content (DMC). Dry leaves were then ground into a fine powder under liquid nitrogen using a mortar 

and pestle. The resulting powder was analysed for carbon and nitrogen contents and isotopic 

signatures using a CHNS Elemental Analyser (Vario Microcube, © Elementar) coupled to a stable 

isotope ratio mass spectrometer (IRMS; Isoprime 100, © Elementar). 

 

Genetic data 

At T0 and T1 we also collected silks from 90 plants (three per plot) using gloves continuously 

disinfected with ethanol. Samples from the same plot were pooled into a single 50 mL RNase-free 

Falcon tube, resulting in 30 tubes in total, and immediately frozen in liquid nitrogen. Upon transfer 

to the laboratory, samples were stored at -80 °C for subsequent DNA extraction. 

 

Productivity and mycotoxin accumulation data 

On 16 September, 90 fully ripe ears (three per plot), corresponding to stage 99 of the BBCH scale 

for cereals (Lancashire et al., 1991; Meier, 2018), were harvested. Once transferred to the laboratory, 

ears were weighed, shelled, oven-dried at 70 °C for 48 h and reweighed to obtain fresh and dry mass 

of cobs and kernels. Kernels were mill-ground and the resulting powder was divided into two 

subsamples. One subsample was sent to the Regional Agency for Rural Development (ERSA) for 

mycotoxin quantification, while the other was analysed for carbon and nitrogen contents and isotopic 

signatures using a CHNS Elemental Analyser (Vario Microcube, © Elementar) coupled to a stable 

isotope ratio mass spectrometer (IRMS; Isoprime 100, © Elementar). 

 

Analyses 

Analyses are currently ongoing. 
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7. Side Projects and Activities 

During the development of this PhD project, opportunities arose to collaborate on additional 

research projects not directly related to the present Thesis, but nevertheless closely connected 

through shared research themes, including remote sensing, agroecology and landscape ecology. 

Moreover, I attended and actively participated in national and international scientific congresses. 

 

7.1. Side projects 

7.1.1. Alkaline Wetlands Ecology 

Multitrophic assessment of restoration actions in alkaline 

wetlands 

Edoardo Asquini1,2,3, Giacomo Boscarol3, Francesco Boscutti3,2 

1 University of Palermo, 90133 Palermo, Italy  

2 NBFC, National Biodiversity Future Centre, 90133 Palermo, Italy 

3 University of Udine, 33100 Udine, Italy 

 

Abstract 

The project seeks to gain a deeper insight into the impacts of climate change on ecosystems, with 

particular attention to its effects on trophic networks. By linking plant and insect responses with 

remote sensing techniques, we will be able to upscale these interactions and extend our findings 

across multiple ecological levels. 

The main pressures imposed by global changes are rising temperatures and altered rainfall regimes, 

which can affect ecosystems both directly and indirectly at every level. Another major driver of habitat 

degradation is landscape anthropization, expressed through land-use change, soil and water pollution, 

and habitat fragmentation. 

To address these threats, we have selected two target ecosystems: dry mountain grasslands and 

restored alkaline wetlands. Both represent biodiversity hotspots of great importance, yet they remain 

at risk of degradation. 

A central component of our research will be the analysis of vegetation responses. We will conduct 

vegetation surveys within permanent plots along ecological gradients (elevation and waterlogging), 

used as proxies for climate change–driven effects. In addition, we will apply functional trait analyses 

at both individual and community scales to capture a higher degree of ecological complexity. 

The second core of our work focuses on insect communities. We will concentrate primarily on 

pollinators and predators (Odonata). These surveys will allow us to explore interactions between 
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trophic levels and habitat features. To this end, we plan to employ bipartite networks, landscape 

analyses, and linear regression models. 

To strengthen the upscaling potential, field data will be complemented by multispectral surveys and 

multi-year orthophotos. These tools will be applied for time-series analyses, the construction of 

orthomosaics, and the spectral characterization of habitat patches. 
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7.1.2. Alpine Grasslands Ecology 

Physiological responses of plants to abiotic stress in Alpine 

environments 

Marco Vuerich1, Arianna Del Pino1, Giacomo Boscarol1, Francesco Boscutti1,2 

1 University of Udine, 33100 Udine, Italy 
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Abstract 

Climate change is rapidly shifting ecological thresholds in many terrestrial ecosystems, altering 

environmental stress gradients and moving species ecological and physiological response, often 

exceeding their phenotypic plasticity. Among the terrestrial plant communities, the alpine habitats are 

among the most sensitive to the abiotic stress shifts, prompting urgent studies on the alpine plant 

and ecosystems.  

Extreme drought events in the Alps have increased significantly in recent decades; nevertheless, few 

studies are conducted to understand the possible impacts on the ecosystem. 

The project aims to understand how the increase of temperature and the reduction of precipitation 

may affect alpine species. Additionally, it is crucial to study the consequences on communities and 

the entire ecosystem.  

Three different treatments have been hypothesized; coverage in the first part of the season, coverage 

in the second part of the season, coverage during the entire season. Sampling will be carried out 

during the four main phases of the study: beginning, middle, end, recovery. 

The chosen functional traits focus on species, community, ecosystem, and remote sensing. The 

treatments are expected to lead to increased stress and transpiration in plants, decrease in biodiversity, 

and reduction in photosynthetic capacity levels. 

The study is of fundamental importance to deepen the understanding of the consequences of extreme 

events and to be able to mitigate their effects. 

 

Introduction 

In recent decades, there has been a progressive change in climatic conditions, with significant 

environmental and socio-economic repercussions. The main greenhouse gases (GHGs) responsible 

for the greenhouse effect are CO2 (410 ppm), CH4 (1866 ppb), and N2O (332 ppb) (Calvin et al. 

2023). 

The increase in temperature leads to variations in the chemical, physical, and biological processes on 

Earth, resulting in more frequent extreme events such as prolonged droughts, violent precipitation, 
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and heat waves (Calvin et al. 2023). There is also a significant alteration of the biosphere, with changes 

in ecosystem functions, species distribution, and biodiversity loss (Bellard et al. 2012, Pearson et al. 

2013). 

In alpine areas, climate change is having a more pronounced impact compared to other regions of 

the Earth. This is due to a phenomenon known as "Arctic amplification," which causes rapid warming 

of these areas. Various studies show that the growing season tends to lengthen, becoming drier and 

advancing spring melt (Farrer et al. 2015). Plants will therefore be increasingly subject to decreased 

production, increased nutrient loss, and changes in biological interactions (Ernakovich et al. 2014). 

Alpine systems are biodiversity hotspots (Vitasse et al. 2021), but there is an observed increase in the 

growth limits of various plant communities, causing a contraction of areas at higher elevations 

(Theurillat and Guisan 2001). Climate change can cause three different adaptive responses in the 

species involved: migration to more suitable habitats, persistence despite the altered climate, and 

extinction of communities that are no longer suitable (Theurillat and Guisan 2001). A clear example 

of the phenomenon just described is the advance of forests and the spread of shrubs, which lead to 

a reduction in alpine grasslands (Tocco et al. 2013). 

 

Aim of the study 

The abiotic stresses that plant species are subjected to are numerous. This study aims to delve into 

the biological responses of plant alpine species to extreme drought events. 

Specifically, it seeks to investigate how species, communities, and ecosystems respond to prolonged 

periods of water scarcity and increased temperature. The study will examine the direct effects on 

species, the ecological thresholds beyond which community stability is affected, the system's 

resistance/resilience capacity, and the potential use of remote sensing to expand the scale of the 

study. 

 

Material and methods 

The suitable areas for the project are the alpine grasslands in the Friuli Venezia Giulia region. The 

reference species must be representative of the studied habitat; an example is Sesleria caerulea, a 

characteristic herbaceous plant of basophilic alpine grasslands. 

To simulate drought conditions, transparent plastic covers will be used, placed over the selected 

sampling areas. This way, the water supply is limited, sunlight can penetrate the cover, and the 

temperature inside increases due to the greenhouse effect. Besides the control without coverage, the 

treatments conducted will be three: 

• Coverage during the first half of the vegetative growth 

• Coverage during the second half of the vegetative growth 
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• Coverage throughout the entire vegetative growth 

All cases, temperature and humidity will be measured and taken at the beginning, middle, and end of 

the study. Additionally, it will be crucial to repeat the analyses in subsequent years to verify the 

physiological and adaptive responses of different species. 

Functional traits of species: 

• Plant height: competition 

• Leaf area: photosynthesis, growth, transpiration 

• SLA (Specific Leaf Area): leaf area/dry weight 

• Dry matter: tissue density, nutrient use 

• Stomatal density and size: transpiration, gas and nutrient flow 

• NSC (Non-Structural Carbohydrates): quantity and location of reserves 

• Leaf iron: stress level and antioxidant capacity 

• Antioxidants and phenolic compounds: evaluation of abiotic stress level 

• Vegetative phenology: stages of the vegetative cycle, which vary based on competition and 

available resources 

Functional traits of communities: 

• Biodiversity 

• Species abundance 

Functional traits of the ecosystem: 

• CO2 fluxes 

• NPP (Net Primary Productivity) 

Functional traits of remote sensing: 

• NDVI (Normalized Difference Vegetation Index): areas with chlorophyll (green) show 

higher values compared to yellowed areas 

• Classification: understanding if some species have replaced others 

 

Expected results 

Species 

The increase in temperatures and the absence of precipitation could lead to increase in transpiration 

and competition for nutrients. If temperature values rise significantly, plants will close their stomata 

to prevent water loss. Increased stress causes imbalances in the production of antioxidants and 

phenolic compounds, and often the leaf iron content can also be altered. The vegetative cycle tends 

to be advanced (Vitasse et al. 2021), causing a decrease in non-structural carbohydrates used as 

reserves. 
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Community and Ecosystem 

A decrease in biodiversity is expected due to the limitation of water resources. Species more 

vulnerable to increased temperatures and decreased precipitation will tend to decline, while more 

resilient species may increase. Overall, species diversity decreases, but the number of individuals of a 

single species might increase. 

 

Remote Sensing 

The lack of water and high temperatures could lead to early senescence, in which case NDVI values 

will decrease due to yellowing. Additionally, drone photos allow for understanding if some species 

have supplanted others. 

 

Conclusions 

The increase in temperatures in alpine areas has recently reached around 2 °C, compared to the global 

average of 0.8 °C increase since the pre-industrial era. Therefore, it is crucial to deepen research to 

understand the consequences and mitigation methods of extreme events. 

The study will allow for a deeper understanding of the functioning of alpine ecosystems, investigate 

the effects of extreme events at different ecological levels, and lay the groundwork for a more detailed 

understanding of how ecology may be altered due to climate change. 
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Abstract 

Background 

Wildfires are increasingly impacting ecosystems worldwide especially in temperate dry habitats, often 

interplaying with other global changes (e.g., alien plant invasions). Understanding the ecological 

consequences of wildfires is crucial for effective conservation and management strategies. The aim 

of this study was to investigate the impacts of wildfire severity on plant community (both the canopy 

trees and herbaceous layer) and alien plant invasion, combining field observations and remotely 

sensed data. We conducted an observational study in the Karst forests (North-East Italy) 1 year after 

the large wildfire which affected the area in 2022. We assessed the impact through 35 field plots (200 

m2 each) distributed among different fire severity (i.e., the loss of organic matter) classes assessed 

using the differenced normalized burn ratio (dNBR) calculated from satellite images. In each plot, 

tree species, diameter, vitality, resprouting capacity, and seedling density were measured. In addition, 

herb species richness (taxonomical diversity) was quantified, and plant cover was visually estimated. 

Functional diversity was also assessed considering six functional traits retrieved from databases. 

 

Results 

Some woody species (e.g., Quercus pubescens) showed a higher resistance to the fire (i.e., lower mortality 

rate), while others showed a higher resilience (i.e., recovery after fire through resprouting or seedlings, 

e.g., Cotinus coggygria). The transition to a shrub-dominated community (i.e., Cotinus coggygria) where 

fire severity was the highest underlines the dynamic nature of the post-fire succession. We detected 

a significant variation in the herbaceous plant community composition, diversity, and functional 
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identity (i.e., community-weighted mean of trait) along the fire severity gradient. In particular, high-

fire severity areas exhibited higher species richness compared to low-severity or unburned areas. Total 

alien plant cover increased with fire severity, while native cover remained constant. We also found 

shifts in species that enhance traits related to germination potential and growth strategy. 

 

Conclusions 

Our results highlight the vulnerability of the forest stands to an increase in wildfire severity, resulting 

in significant mortality and changes in tree community structure. This study contributes to the 

understanding of ecological processes after wildfires using a novel remote sensing approach in a 

temperate forest, emphasizing the need for conservation strategies aimed at mitigating high severity 

wildfires. 

 

Keywords 

Biological invasion • Forest community • Functional traits • Herbaceous community • Karst 

landscape • Remote sensing approach • Vegetation dynamics 

 

Introduction 

Wildfires represent one of the most influential ecological disturbance agents affecting ecosystem 

distribution, properties, and functions over geological periods (Bowman et al., 2009). Fires trigger 

changes in primary productivity of the ecosystems and shape local plant communities by altering the 

ecological succession, nutrient cycle, and light availability of the sub-canopy layer, resulting in new 

available niches (Sousa, 1984; Glenn-Lewin et al., 1992). 

Plant species differ in their fitness (i.e., survival and/or reproductive success) as a consequence of 

adaptation to varying fire regimes (Cavender-Bares et al., 2004). Tree species can be classified into 

five groups according to their response strategy to fire (Moris et al., 2022): 

(i) resisters, which survive frequent surface fires thanks to their thick and insulating bark; (ii) 

embracers, which recover quickly from the canopy seed bank; (iii) avoiders, which are easily killed 

but live where fires are infrequent; (iv) resilient (i.e., used as synonyms of endurers), which are able 

to resprout after the event; (v) colonizers, which establish on burned areas following the long-distance 

seed dispersal. 

Anthropogenic climate change is causing an increase in the frequency and severity of extreme fire 

events due to changes in local, regional, and global weather parameters that drive fire behavior (Clarke 

et al., 2013; North et al., 2015; Sharples et al., 2016; Bowman et al., 2017; Tedim et al., 2018). This 

trend is expected to increase in the future (Liu et al., 2010; Jolly et al., 2015) because of climate change 

projection. In recent years, for example, there have been increasing media reports of major fires 
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disasters: the wildfires in Chile in 2017, Portugal in 2018, California in 2021, Brazil in 2019, Australia 

in 2019–2020, and Siberia in 2022–2023. 

Prior to 2012, around 65,000 fires occurred in Europe every year, burning around half a million 

hectares of wild and forested land (San-Miguel-Ayanz et al., 2012), mainly in the Southern 

Mediterranean countries. In the Mediterranean basin, there is evidence that fires were common 

during the late Quaternary (Carrión et al., 2003), and fire was likely common prior to the Quaternary 

as most plant species evolved adaptive mechanisms to persist and regenerate after disturbance events 

such as recurrent fires (Pausas et al., 2004; Pausas and Verdú 2005). Although for fire adapted habitat 

wildfire can benefit from these events, the main concern of recent years regards the increasing 

frequency of this phenomenon. Fire frequency in Europe has been increasing in the last decades due 

to climate change (Senf and Seidl 2021; Patacca et al., 2023), socio-economic factors, and especially 

rural abandonment (Mancini et al., 2018; Colonico et al., 2022), in which the interplay causes an 

increase in biomass resulting in an increase in available fuel in the environment (i.e., higher severity). 

Indeed, these processes caused an increased flammability at the landscape scale due to an 

accumulation of fuel (e.g., dead biomass in forests) and its continuity (Moreira et al., 2011; Pausas 

and Fernández-Muñoz 2012; Badeau et al., 2024), thus calling for an active monitoring and 

prevention effort (Corona et al., 2015; Spadoni et al., 2023). 

An increase in wildfire frequency and/or severity, defined as the loss of organic matter (Keeley 2009), 

will have major economic impacts, will increase plant and seed mortality, and may drive changes in 

species composition, dominance, and spatial distribution towards species adapted to more frequent 

and intense fires (Segura et al., 1998; Morrison 2002; Penman and Towerton 2008). Changes in soil 

properties are expected to strongly interplay with the plant community assemble, as observed in other 

ecosystems (Trotta et al., 2024). Besides habitat disruption, another adverse consequence of wildfire 

on vegetation is the potential to promote the ingression of new species into landscapes (Keeley 2006). 

A common consequence of wildfire in the northern hemisphere is the regression of ecosystems to 

more juvenile seral stages with an evident simplification of their structural complexity (Poldini et al., 

2018), while in the southern hemisphere, the response depends on the various vegetation across 

regions (see Lehmann et al., 2014). This leads to a rapid establishment of herbaceous species shifting 

from forest specialist towards plants with a ruderal adaptive strategy, the majority of which can be 

alien (Ivanova et al., 2014; Trotta et al., 2023b). Alien species are a topic of global concern in terms 

of ecosystem preservation as they have shown their potential to alter ecosystem processes (Root et 

al., 2003; Raizada et al., 2008); decrease native species abundance and richness via competition, 

predation, hybridization, and indirect effects (Blackburn et al., 2004; Gaertner et al., 2009; Boscutti 

et al., 2020; Vitti et al., 2020; Trotta et al., 2023c); change native community structure (Hejda et al., 

2009); alter nutrient cycling (Pellegrini et al., 2021); impact landscape perception (Pejchar and Mooney 
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2009); and alter the fire regimes of the ecosystem invaded (D’Antonio and Vitousek 1992; Brooks et 

al., 2004). 

Remote sensing (RS) has been largely used to assess landscape change (Sellers et al., 1995; Vuerich et 

al., 2024; Cingano et al., 2024). Over the last decades, new satellite sensors (e.g., Sentinel-2 MSI, 

Landsat-8 OLI/TIRS) have been providing valuable data at increasingly higher temporal, spatial, and 

spectral resolutions. This growing variety and quality of remotely sensed data enables a wide range of 

fire-related applications, from detecting fire occurrence (Wooster et al., 2021) and severity (Keeley 

2009; Veraverbeke et al., 2011) to monitoring post-fire recovery (Frazier et al., 2013). Satellite-derived 

spectral vegetation indices based on the ratio between short-wave infrared (SWIR) and near infrared 

(NIR) wavelengths have demonstrated a good capability in characterizing post-fire forest severity and 

dynamics, with strong correlations with field-based measurement (Keeley 2009; Cardil et al., 2019; 

Gibson et al., 2022). In particular, the normalized burn ratio (NBR) has become one of the most 

widely accepted spectral indices to assess burn severity (Lutes et al., 2006; Eidenshink et al., 2007; 

Escuin et al., 2008; French et al., 2008; Avetisyan et al., 2023; Jodhani et al., 2024). The difference 

between NBR of the vegetation pre-fire and post-fire is expressed as delta NBR (i.e., hereafter 

dNBR), but its potential use as a tool to assess the functional response of the vegetation community 

to fire has not been widely explored. 

The functional response of a plant community to a wildfire can be used to study the response to the 

new environment and to the disturbance across taxa (Donato et al., 2009). Traits related to 

regeneration strategies (i.e., seed longevity, germination, growth form) and competition (i.e., growth 

rate, shade tolerance) are a well-known proxy to determine the functional response of the community 

(Noble and Slatyer 1980). Wildfire is a well-recognized ecological disturbance able to alter the 

structure and composition of vegetation communities, whose magnitude (i.e., fire severity) can greatly 

shape the impacts on both the herbaceous and tree forest layer (Bond et al., 2005; Bowman et al., 

2009). Thus, determining the functional response of the plant community by combining field and 

remote sensing approaches appears crucial, especially in areas prone to repeated fire events where 

not all the species are adapted. 

Our research hypothesis posits that varying fire severities (i.e., expressed as varying dNBR values) 

elicit differential responses in plant vegetation (i.e., both understory and tree layer), leading to a 

potential shift in community composition, functional response, and the potential for alien plant 

invasion in the Karst region. We expect that traits typical of ruderal and alien species will be 

advantageous for species colonizing ecosystems severely affected by wildfire. We also expect different 

tree species to respond differently to wildfire severity, especially in terms of resilience and resistance, 

but without knowing the specific species response. We also suppose a higher invasion of alien species 

with increasing levels of disturbance (i.e., high wildfire severity). Through our findings, we aim to 

provide valuable insights for biodiversity conservation, ecosystem management, and planning in the 
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Karst landscapes. Indeed, the Karst region in Italy and Slovenia, as it is happening in other habitat, 

is becoming more and more prone to wildfires (Šturm and Podobnikar 2017). However, despite this 

higher susceptibility, the potential impact of such disturbances on vegetation dynamics as well as on 

the resistance and resilience of Karst ecosystems has not been completely understood. 

 

Material and methods 

Study area and 2022 fire 

The Karst region is a limestone plateau with an average elevation of 334 m above sea level located in 

between Italy and Slovenia, world famous for its peculiar topography and geological phenomena 

(Cucchi et al., 2015). Being at the boundary between Mediterranean Sea, the Alps, and the Dinaric 

mountains, the area is characterized by a high level of biodiversity, hosting a large number of 

protected animal and plant species under the protection of the European Habitat directive 

92/43/EEC. For these reasons, most of the Italian Karst area is included in the Natura 2000 

protected sites network. The most representative forest stands are composed by mixedbroad leaves 

species of temperate areas such as downy oak (Quercus pubescens Willd.), hophornbeam (Ostrya 

carpinifolia Scop.), and manna ash (Fraxinus ornus L.) with the occurrence of European smoketree 

(Cotinus coggygria Scop.). Artificial black pine stands (Pinus nigra J.F. Arnold) are also present as 

remnants of the large reforestation program launched by the Austro-Hungarian Empire at the 

beginning of the last century. These stands are characterized by the presence of senescent pines in 

the upper layer and mixed broadleaf species in the understory layer. Most of the areas are not 

subjected to forestry management since the forest establishment. Alien species such as black locust 

(Robinia pseudoacacia L.) and tree of heaven (Ailanthus altissima (Mill.) Swingle) are widespread especially 

in disturbed areas (i.e., both natural or human induced disturbance) and close to settlements. Karstic 

dry grasslands, characterized by Centaurea rupestris L. and Carex humilis L., are also common in the area 

even though they have been disappearing in the last decades due to agricultural abandonment and 

natural forest expansion. 

The climate is Pannonian continental with average temperatures in January and July of 4.0 °C and 

22.9 °C respectively, with an annual average of 13.1 °C. However, temperatures are milder at lower 

altitude, along the sea. Rainfall ranges between 900 and 2000 mm per year depending on the altitude. 

The soil is extremely drained and classified in the family of red Mediterranean soils. 

The 2022 wildfire broke out following an extremely dry and hot summer. It started on July 15 and 

was extinguished on July 29 with a total burnt area of around 4000 ha between Italy and Slovenia 

(Čahojová et al., 2024) (Fig. 1). Even though wildfires are common in the area (190 fires occurred 

within the Italian Karst since 1970 most of which were less than 1 ha in area (Autonomous Friuli 

Venezia Giulia Region 2023), the 2022 wildfire can be considered an extreme event for the area due 
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to its extent. For the purposes of the current research, we limited our study area to the burnt patch 

in the municipality of Doberdò del Lago (Italy, 500 ha), the municipality that was the most effected 

in Italy. 

 

Figure 1 Study area and sampling design. Localization of the Karst (A), the 2022 wildfire area (B), and the 

study area and sampling plots classified according to EFFIS severity classes (C) are represented. 

 

Fire severity calculation and sampling design 

The severity of the 2022 wildfire was assessed using the dNBR index (Fig. 1). Such an index was 

calculated using Sentinel-2 images (Level-2A, tile T33TUL), taken on July 2 (pre fire) and August 16 

(post fire) respectively, through the Semi-Automatic Classification Plugin (SCP) in the QGis software 

using the NIR band (8A) and the SWIR (12) (EFFIS 2020), both with a resolution of 20 × 20 m. The 

severity map was then classified according to the European Forest Fire Information System (EFFIS) 

fire severity classes (Lutes et al., 2006). Non-burned vegetation shows very high reflectance in the 

NIR, and low reflectance in the SWIR portion of the spectrum, while recently burned areas show 

low reflectance in the NIR and high reflectance in the SWIR. Applying the difference between the 

before and after wildfire RS data allow to calculate the difference NBR (dNBR or ΔNBR; Lutes et 

al., 2006; Miller and Thode 2007; Miller and Quayle 2015). 

Using EFFIS map of fire severity, we randomly selected 30 points distributed proportionally to the 

area of each EFFIS class (class 1: 15 plots; class 2: 10 plots; class 3: 5 plots). In addition, 5 reference 

plots were selected in the surrounding forest stands not subjected to any fire in the last decades (i.e., 

since 1965) and representing the vegetation before the fire events. 

In each of the 35 selected points, we established a permanent circular plot of 200 m2 (8 m of radius; 

Maringer et al., 2020), where the tree and understory data were collected. A permanent sampling 

network was developed, through a picket located in the center of each plot with the GPS position 

recorded. 
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Tree and understory data collection 

In all plots, diameter at breast height (1.30 m; DBH) of all tree and shrub stems larger than 2 cm was 

recorded in the summer of 2023 and the species identified. Each stem was also classified as alive or 

dead. Aboveground mortality was then calculated as the ratio between dead and total stems (alive + 

dead). Resprouting stems from each stump were counted and their average height measured. The 

number of tree seedlings divided for species and their average height were measured within a subplot 

of 2 m radius centered in each plot. 

For the herbaceous layer (i.e., all herbaceous species and only woody species with less than 50 cm of 

height), the cover of each plant species was visually estimated as cover percentage for the whole 200 

m2 plot (Rapson 2018). Taxonomy and nomenclature followed Bartolucci et al., (2018) and Galasso 

et al., (2018) for native and alien species, respectively. Taxonomic diversity of the herbaceous layer 

was assessed using species richness (i.e., number of species). Functional identity of each community 

was quantified using six functional traits per species expected to be ecologically relevant and to 

respond to major environmental changes due to fire disturbance (Cornelissen et al., 2003), namely 

light demand, nutrient demand, life-span, specific leaf area (SLA), seed mass (i.e., for individual seed), 

and seed number (i.e., number of seed for each individual plant). According to literature, those are 

the traits which are expected to be affected by fire severity (Cornelissen et al., 2003; Müller et al., 

2007). These traits were derived from “Flora Indicativa” (Landolt et al., 2010) and the “LEDA 

Traitbase” (Kleyer et al., 2008). The functional identity of the community was assessed calculating 

the community-weighted mean (CWM) of each trait, relying on the occurrence and abundance (i.e., 

cover value) of each species. 

 

Statistical analyses 

All the statistical analyses were performed in R environment (R Core Team 2022). Differences in 

mortality (i.e., percentage of dead trees) of the four most common species (i.e., F. ornus, C. coggygria, 

Q. pubescens, and O. carpinifolia) with dNBR were tested using generalized linear mixed-effects models 

(GLMM) with binomial distribution with the “glmer” function (p-value ≤ 0.05) of the “lme4” R 

package (Bates et al., 2015). Model included stem mortality as dependent variable and fire severity 

(dNBR), species, and their interaction as fixed effects, using the plot id as a random factor to adjust 

the model degree of freedom. We first tested the full model, and, where not significant, we manually 

backward simplified the model (summary of the full model reported in Table S2). 

Differences in resprouting and recruitment were tested using linear mixed models (LMM), using the 

plot id as a random factor to adjust the model degree of freedom. For these variables (i.e., resprouting 

percentage and new seedlings), we considered the interaction significant between species and dNBR, 

given the proximity to 0.05 of the p-value (respectively 0.056 and 0.081). The number of recruitments 

was linear-transformed using square root to improve the model. Pairwise comparisons were 
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performed using the function “emtrends” of the “emmeans” R package (Lenth 2022) to test the 

different response between species. 

The effects of fire severity (dNBR) on the species richness and abundance (i.e., species cover) of 

native and alien species (i.e., alien status) were tested using linear mixed-effects models (LMM; p < 

0.05), with the plot id included as random factor (Zuur et al., 2009). Significance was assessed using 

the ANOVA test and the R2 using the “rsq.lmm” function of the “rsq” package (Zhang 2023). Both 

species richness and abundance were transformed with a Z-transformation, to better compare the 

trend between alien and native species. Both linear and non-linear trend (i.e., log-transformed fire 

severity) were tested. Non-linear relationships were kept when model diagnostics were better. 

Changes in the understory species composition across all plots were inspected by Kruskal’s non-

metric multidimensional scaling (NMDS) unconstrained ordination (Wildi 2017). To highlight the 

relationships between species composition, forest parameters, and functional traits, a further fitting 

of environmental variables was performed. All the multivariate analyses were performed in the 

“vegan” package (Oksanen et al., 2024). 

To test the effects of fire severity on the community functional identity of the selected traits (i.e., 

CWM of each trait), we used linear models (p-value ≤ 0.05). Significance was assessed using the 

ANOVA test and the R2 in the summary function. Data normality was tested with the Shapiro–Wilk’s 

test, and the homoscedasticity was visually tested with the residuals of the model. Given that most of 

the results exhibit a logistic trend, the dNBR index was used as log-transformed index. All graph 

visualization was performed using “visreg” (Breheny and Burchett 2017) or “ggplot2” package 

(Wickham 2016). 

 

Results 

A total of 21 species (19 native and 2 alien species) were recorded in the tree layer (i.e., both canopy 

and subcanopy). The most common native trees were Fraxinus ornus (found in 100% of the surveyed 

plots, 24 individuals on average per plot), Cotinus coggygria (91%, 24 individuals on average per plot), 

Quercus pubescens (77%, 5 individuals on average per plot), and Ostrya carpinifolia (63%, 4 individuals on 

average per plot). Two alien tree species were recorded: Robinia pseudoacacia (3% of the surveyed plot) 

and Hesperocyparis arizonica (3% of the surveyed plot). The analysis of dendrometric data showed that 

stem density, basal area, and mean diameter of dead stems increased with fire severity (Table 1). On 

the other hand, the average diameter of living trees did not differ between EFFIS classes, except for 

the high-severity class, where almost no living stems were measured. 

We counted 202 species in the understory, 183 of which were native and 19 alien. The most common 

native species were Asparagus acutifolius (94%), Sesleria autumnalis (91%), Brachypodium rupestre (77%), 

Rubus ulmifolius (74%), and Sonchus oleraceus (69%). The most occurrent alien species were Erigeron 

canadensis (63%), Senecio inaequidens (37%), and Phytolacca americana (26%). A complete list of all the 
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species and their frequencies in the sampling plots is reported in the tab Supplementary Materials 

(Table S1). 

The percentage of stem mortality of all sizes showed a positive and significant relationship (p-value 

< 0.001) with fire severity (expressed as increasing values of dNBR) (Fig. 2a), regardless of the species 

(i.e., p-value of the interaction between dNBR and species = 0.75; Table 2a). Among the four most 

frequent tree species, Quercus pubescens exhibited the lowest mean overall stem mortality, while the 

other three species (Fraxinus ornus, Cotinus coggygria and Ostrya carpinifolia) did not show any significant 

difference (Fig. 2b). 

The percentage of resprouting stumps across species in each plot was positively correlated with 

wildfire severity, showing a logistic increase of resprouting as dNBR increased (R2 = 0.21, p-value = 

0.056; Table 2b; Fig. 2c) with different responses among the four most common tree species. Cotinus  

coggygria showed the highest resprouting capacity as the fire severity increases, while Ostrya carpinifolia 

had almost no increase (p-value = 0.055). Quercus pubescens was characterized by the lowest value of 

resprouting percentage (p-value = 0.021), while the other 3 species had no difference. 

On the contrary, the number of new seedlings (i.e., species recruitment) decreased with increasing 

the fire severity (R2 = 0.37, p-value = 0.081; Fig. 2d; Table 2c) with Quercus pubescens characterized by 

a greater decrease when compared with Ostrya carpinifolia (p-value = 0.064). Cotinus coggygria was the 

species with the highest mean value of new seedling (p-value < 0.001), while the other 3 species 

showed no differences. We found 13 new woody alien trees of Ailanthus altissima across all plots, with 

a mean height of 18 cm and a mean cover of 0.15%. 

 

 

Table 1 Main dendrometry parameters in the surveyed plots by EFFIS class and control (mean ± s.d.). 

EFFIS class n. plots 
Alive stems  Dead stems 

N ha-1 m2 ha-1 davg (cm)  N ha-1 m2 ha-1 davg (cm) 

Control 5 4846 ± 3030 25.11 ± 7.53 10 ± 6  458 ± 370 1.16 ± 0.86 5 ± 3 

Low and moderate severity 15 1668 ± 1283 12.89 ± 8.63 9 ± 5  3638 ± 1703 7.52 ± 3.01 6 ± 2 

Moderate high severity 10 358 ± 399 5.04 ± 6.24 10 ± 8  3502 ± 1059 13.55 ± 8.84 7 ± 3 

High severity 5 30 ± 67 0.01 ± 0.02 0 ± 1  3323 ± 1281 15.53 ± 8.03 8 ± 2 
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Figure 2 Effect plots of the tested models. A Percentage of dead stems of the 4 most common tree species. 

In the graphs are displayed the 4 curves, one for each species considered (i.e., F. ornus, C. coggygria, O. carpinifolia, 

Q. pubescens) with colored line, while the solid green line represents the overall mortality. B The difference in 

mortality percentage between species. C Relationship between percentage of plants with resprouting and 

logarithm of dNBR of the 4 species considered. D Relationship between square root of number of seedling 

(i.e., recruitment potential) and dNBR of the four most frequent species. 
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 numDF Deviance Resid. Dev p-value 

Tree mortality (Intercept) 113  990.4 0.004 

(a) dNBR 112 48.03 51.00 < 0.001 

 

 

Resprouting 

Species 

 

(Intercept) 

109 

numDF 

1 

17.54 

denDF 

75 

33.46 

F-value 

315.15 

< 0.001 

p-value 

< 0.001 

(b) log(dNBR) 1 33 12.45 0.001 

 Species 3 75 1.87 0.143 

 log(dNBR):species 3 75 2.64 0.056 

N° of seedlings (Intercept) 1 88 113.12 < 0.001 

(c) log(dNBR) 1 31 14.45 < 0.001 

 Species 3 88 16.23 < 0.001 

 log(dNBR):species 3 88 2.32 0.081 

 

Table 2 ANOVA of the “GLMM” and of “LMM” models. The p-value is highlighted in bold when p-value < 

0.05. We considered as significant also the p-value obtained in the (b) and (c) model with the interaction of 

dNBR and the species, given the proximity with 0.05. 

 

 

  umDF denDF F-value p-value 

Species richness (Z transformed) (Intercept) 1 33  < 0.001 1.000 

(a) log(dNBR) 1 33 23.951  < 0.001 

  Status 1 33  < 0.001 1.000 

Plant abundance (Z transformed) (Intercept) 1 33 0.611 0.440 

(b) log(dNBR) 1 33 4.247 0.047 

  Status 1 29 0.464 0.501 

  log(dNBR):Status 1 29 6.573 0.016 

 

Table 3 ANOVA of the linear mixed models. The p-value is highlighted in bold when p-value < 0.05. 

 

Fire severity also affected plant diversity independently of species status (i.e., native vs alien species 

showed no statistically significant difference, Table 2a). Species richness significantly increased with 

fire severity (R2 = 0.43; p-value < 0.001; Table 3a; Fig. 3a). 

Plant cover was affected by the interaction between fire severity and plant exotic status (Table 3b): 

alien cover was increased by high value of dNBR reaching a plateau at the highest severity values, 
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while native cover remained stable (Fig. 3b). A summary for each full model is reported in the 

Supplementary Materials (Table S2). 

Species composition analysis revealed the presence of one major species turnover gradient indicated 

principally by the axis of the NMDS1, mainly related to the wildfire severity (Fig. 4). Along this 

gradient, the species composition showed a shift from species usually present in (i) mature forest 

habitats (i.e., Ruscus aculeatus, Polygonatum odoratum), to (ii) a transitional stage dominated by species 

typical of open forests and ecotones between forests and the karst dry grasslands (i.e., Sesleria 

autumnalis, Dictamnus albus), to (iii) species typically belonging to karst dry grasslands (i.e., Centaurea 

jacea, Allium carinatum, Pentanema spiraeifolium), and, finally, when the severity reached its maximum, 

(iv) to ruderal stage, often dominated by alien species (i.e. Erigeron canadensis, Erigeron sumatrensis). The 

environmental variables fitted to the two NMDS axes also showed a significant relationship between 

the understory species composition and main forest structure. More specifically, where tree stem 

mortality and resprouting were higher, the understory showed a high species richness as well as alien 

and annual species frequency. Along the NMDS2, it was also possible to note a gradient of nutrient 

availability, favoring more acquisitive species (i.e., high values of SLA). 

Given the low frequency and data availability about the alien plant functional traits, the functional 

identity of the community (i.e., community-weighted mean of each trait CWM) was assessed without 

considering the status of the species. 

We found a significant effect of fire severity on the selected traits of the understory community (Table 

4). In particular, the community exhibited a higher nutrient indicator value where severity of wildfire 

was higher (R2 = 0.36; Fig. 5a). The same trend was observed for light indicator value (R2 = 0.49; Fig. 

5b). High values of fire severity induced a decrease in plant community life span, as shown by the 

rapid increase in the percentage of annuals species (R2 = 0.54; Fig. 5c). Similar trends were found for 

the community mean of SLA, which logistically increases with increasing fire severity (R2 = 0.19; Fig. 

5d). In addition, the community mean of reproductive traits (i.e., seed number and seed mass) were 

affected by fire severity that selected communities producing more seeds (R2 = 0.47; Fig. 5e) and with 

a lower mass (R2 = 0.15; Fig. 5f). 
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Figure 3 A Relationship between species richness (Z transformed) and the logarithm of dNBR. B Relationship 

between plant cover (Z transformed) and logarithm of dNBR divided for species status (i.e., alien or native). 

 

Discussion 

Remote sensing-derived fire severity was able to predict the gradual changes that occurred in a Karst 

forest ecosystem, shedding light on the complex ecological processes triggered by fire. We showed 

that wildfire severity increases the mortality and decreases resprouting of the tree layer. Our findings 

also suggested that fire is able to create new available niches, triggered by changes in light availability 

and soil nutrients, favoring the spread of annual, acquisitive species such as native ruderal and invasive 

alien species. 

The species surveyed in the forest layer were consistent with previous research in the Karst, 

highlighting that the study area well-represents the forest association Ostryo-Quercetum pubescentis, 

previously described as the zonal vegetation (climax) of the supra-Mediterranean Karst (Favretto and 

Poldini 1985). The low frequency of alien trees (i.e., alien woody species above 1.3 m height) recorded 

in our sample plots (i.e., both burned and the external reference plots) can be linked to the ecological 

integrity and maturity of the selected forest stands and to the absence of previous large-scale 

disturbance events (Langmaier and Lapin 2020; Trotta et al., 2023a). In contrast, although native 

species dominate the herbaceous layer, the occurrence of several alien species in the burned areas 

highlighted the ongoing pressure of biological invasions in the area (Motard et al., 2015; Čahojová et 

al., 2024). 

Our results showed that the response to fire severity by the tree layer is species-dependent. As 

expected, wildfire severity directly impacts the mortality of tree and shrub stems (Woolley et al., 2011). 

Overall, the studied stands seem to be resistant at low severity, but, once the severity is too high, the 
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stem mortality raises logistically to the 100% (Fig. 2a). Among the four most frequent and abundant 

tree species, Quercus pubescens appeared to be the most resistant species (Fig. 2b), consistently to 

previous studies (Falk et al., 2022). This species reaches higher heights, and the crown is therefore 

protected from surface fires; moreover, thicker bark insulates better the cambium (Pellegrini et al., 

2017; Nemens et al., 2019; Cansler et al., 2020). In the burned area, the tree resprouting ability was 

promoted by fire, but species response was specific and contrasting (Fig. 2c). Fraxinus ornus and 

Quercus pubescens increase their resprouting ability with fire severity; the resprouting of Ostrya carpinifolia 

was not stimulated by increasing severity. The shrub species Cotinus coggygria, on the other hand, 

showed the highest stem mortality but concurrently the highest resilience, thanks to its high 

resprouting ability, an adaptation to the frequent surface fires occurring in its range. Cotinus coggygria 

ability to cope with fire events was already demonstrated (Pilon et al., 2021). Postfire seeding in our 

study was affected by increasing value of severity consistent with other studies (Crotteau et al., 2013). 

 

 

Figure 4 Non-metric multidimensional scaling (NMDS) ordination of the study. The red line represents the 

isoline of dNBR values. A selection of species was plotted according to species scores. Alien species are 

reported in red and native species in gray. The dots represent the site location (i.e., green unburned areas while 

orange burned areas). Significant correlation of Landolt’s indicator values (Nutrients, Light), functional traits 

(SLA = specific leaf area, seed mass, annual = annual species), and collected parameters (R = species richness, 

resprouting, recruitment, trees’ death). The reference for the species code is reported in Table S1. 



 

136  
 

 

Table 4 ANOVA of the linear models. The p-value is highlighted in bold when p-value < 0.05. 

 Df Sum.sq Mean.sq F-value p-value 

Nutrients Residuals 33 0.56158 0.017018   

(a) log(dNBR) 1 0.31360 0.313602 18.428 < 0.001 

Light Residuals 33 1.0498 0.03181   

(b) log(dNBR) 1 1.0201 1.02012 32.068 < 0.001 

Percentage annuals species Residuals 33 867.43 26.29   

(c) log(dNBR) 1 1011.78 1011.78 38.491 < 0.001 

SLA Residuals 33 137.01 4.152   

(d) log(dNBR) 1 31.82 31.820 7.6642 0.0092 

Seed mass (mg) Residuals 32 19,878.9 621.2   

(e) dNBR 1 3359.9 3359.9 5.4086 0.027 

Seed number (per plant) Residuals 29 107,990,777 3,723,820   

(f) log(dNBR) 1 93,672,314 93,672,314 25.155 < 0.001 
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Figure 5 Relationship between functional identity indices and dNBR. In particular, (A) relationship with 

Landolt’s indicator values of nutrients, (B) Landolt’s indicator values of light request, (C) percentage of annual 

species, (D) specific leaf area, (E) seed mass, and (F) seed number. All the parameters are the community-

weighted mean values. 

 

Interestingly, the species with the lowest number of seedling recruitment was Quercus pubescens, while 

Ostrya carpinifolia was not affected by fire severity showing a constant low number of seedlings in the 

sample areas. This can suggest a life history tradeoff for the species Quercus pubescens, investing more 

in resistance of the single tree instead of promoting resilience capability. Altogether, our data showed 

that the higher was the fire severity, the higher was the possibility to move the forest community 

towards initial development stages dominated by the shrub Cotinus coggygria and some scattered Quercus 
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pubescens surviving the disturbance event. This novel community might slow down the succession of 

the Karst forest, limiting the growth of new Quercus sp. seedlings (Gavinet et al., 2019) mainly due 

to allelopathic substances released in the soil which affect the germination. The interplay between 

species in the tree germination is still a poorly understood mechanism, but our result, together with 

other findings in the literature, seems to confirm that Cotinus coggygria may take advantage in the 

germination process (Rey Benayas et al., 2005; Gavinet et al., 2016). Once the shrub layer is 

established, all the vegetation succession is delayed by the high amount of stem density created by 

the shrub layer. This layer limits the resources for the Quercus sp. seedlings to establish; therefore, 

more time is needed for the fully recover (Vesk et al., 2008). This appears a crucial aspect for 

ecosystem restoration after fire disturbance, especially in the face of an increasing number of extreme 

wildfire events in the Karst area following the ongoing climate change, which could favor an 

intermediate succession dominated by Cotinus coggygria. 

As far as the herbaceous layer is concerned, fire severity increased the overall species richness, 

independent to their exotic status (i.e., not significant interaction). Indeed, high fire severity promote 

habitat heterogeneity when compared with the initial forest stage (Agee 1993; Perry et al., 2011), by 

increasing the number of available niches (Burkle et al., 2015). In particular, environmental 

heterogeneity promotes a scattered distributions of clustered populations of species that colonized 

the new available niches across habitats (Myers et al., 2015; Dawe et al., 2022; Trotta et al., 2023a). 

Among the colonizers, increasing fire severity appears to create the perfect condition for pioneer and 

ruderal species, most of them alien (e.g., Erigeron canadensis, Erigeron sumatrensis). Consistently with 

other studies, our results suggest that alien cover is enhanced by fire severity (Reilly et al., 2020; Trotta 

et al., 2023b), significantly shifting their relative abundance contribution to the whole understory 

community. This potential shift in abundance was also associated to a gradual species turnover 

induced by fire severity. In particular, we showed fire severity is a significant gradient mimicking the 

departure from climax vegetation along a vegetation succession. Here, the disturbance intensity (fire 

severity) well represents the floristic distance of burned vegetation to the unburned forest, potentially 

triggering different pathways to the restoration of the original understory vegetation cover (Dawe et 

al., 2022). A mid-severity is partially replacing the original understory, favoring some characteristic 

species of open forest and Karst dry grassland. This intermediate disturbance level seems hence to 

promote biodiversity by creating new opportunities for light demanding species, consistently to what 

observed in other forests due to intensive coppice management (Della Longa et al., 2020). A more 

severe fire is, instead, able to trigger a dramatic change in the forest understory with a main forest 

species replacement in favor to ruderal and alien species. This is probably due to the higher light 

availability but also to the great availability of bare soil to colonize as well as to the immediate increase 

of nutrient supply generated by burned organic matter in the first year after the fire event (Fuentes-

Ramirez et al., 2018). These speculations are indirectly supported by the CWM indicator values 
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calculated for nutrients and light request. In particular, our analysis showed that plant community 

had a higher demand for nutrients and light in areas subjected to the most intense fire, probably due 

to the low canopy cover and the soil nutrient enrichment after the fire (Hobbs and Huenneke 1992). 

This confirms what found in literature where it was observed that nutrients increase during the early 

stage of forest recovery (i.e., 1 year after the fire) according to fire severity, while total nitrogen, total 

carbon, and soil organic matter exhibited a long-term nutrient depletion, especially in areas affected 

by high severity burning (Francos et al., 2018; Fuentes-Ramirez et al., 2018). 

Consistently to previous studies, we found fire severity to affect changes in recovery and succession 

in plant communities via changes not only on species composition but also on functional trait 

community identity (Anderson-Teixeira et al., 2013; Poulos et al., 2020; Liang and Hurteau 2023). 

Our results on the functional identity of the newly formed herbaceous community (i.e., CWM of each 

considered trait) have given new insight on the traits that are promoted by wildfire severity. The new 

community was dominated by annual plants and by plants with higher SLA. Both these traits are 

generally associated with fast-growing species as they confer an advantage in environment with high 

supply of resources, allowing the plant to rapidly occupy the new niches available (Montesinos 2022). 

The functional trait filter induced by fire contributes to explain the high abundance (i.e., cover value) 

of alien and ruderal plants; plant guilds generally well adapted species to resource-rich environments 

(D’Antonio 1999). The reproductive strategy selected by fire severity underlines the changes in the 

functional identity of the understory. The new community exhibits plants that produce light seeds 

(small) but in large quantity. These two characteristics are often associated with a disturbed 

environment where, although seed mass is an important parameter in determining the establishment 

of seedlings (Howe et al., 1985; Kidson and Westoby 2000), the spread velocity (and then the 

colonization success) is higher by increasing the propagule pressure (Martínez-Ghersa and Ghersa 

2006). We expect that the normal evolution of a forest affected by wildfire will be a gradual 

recolonization by forest specialist and at the end the full recovery of the forest community, with the 

disappearance of the ruderal and alien species given the right amount of time (Trotta et al., 2023a). 

In the future, we are planning to conduct a study aiming at elucidating the process through a 

chronosequence of wildfires in the Karst landscape. 

Our study uniquely demonstrates how fire severity can strongly alter the initial response, diversity, 

and functional identity of the Karst ecosystems, therefore highlighting the need for conservation 

strategies aimed at limiting fire damages through prevention measures. Wildfires are common in the 

area: more than 190 fires have occurred within the Italian Karst since 1970. Fortunately, most of 

them were less than 1 ha in area probably thanks to an active land governance (Spadoni et al., 2023). 

A well-managed land use mosaic, where pastoral and forestry activities are supported and maintained, 

can reduce fuel load and continuity, thus helping to decrease the spread, intensity, and severity of 

fires (Moreira et al., 2011, 2020; Corona et al., 2015; Colonico et al., 2022). However, local or 
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fragmented initiatives might result ineffective, especially in a scenario of increasing frequency of 

extreme fire events (Ascoli et al., 2023). In fact, integrated solutions which involve different sectoral 

policies (e.g., forestry, agriculture, nature conservation, energy, tourism) within a unified strategy for 

managing wildfire risk can mitigate more efficiently the effects of wildfires at landscape scale (Ascoli 

et al., 2023). Our results suggest that, from a management perspective, policies need to promote more 

resilient species in fire-prone areas, as these species can help improve ecosystem resilience. In 

addition, to limit the spread of alien species, it is essential to reduce the spread of fast-growing annual 

species, which tend to increase in the seed bank when there is fragmentation due to agricultural and 

urban environments or forest tracks (Boscutti et al., 2022). 

 

Conclusions 

We evidenced that remote sensing-derived fire severity was an effective tool to depict a fine-tuned 

picture of the gradual changes occurring in broadleaf forest after a fire event. Our results highlighted 

the vulnerability of temperate Karst forest to a high level of fire severity, as that forecasted following 

the ongoing change in climate, resulting in significant tree stem mortality and potential long-term 

changes in tree community structure and composition. The fire might promote a rapid transition to 

a shrub-dominated community (i.e., Cotinus coggygria) promoting a long-lasting shrub stand potentially 

affecting the future dynamic nature of postfire succession. Furthermore, our study highlights the role 

of fire severity in shaping herbaceous community dynamics: high severity fires promote habitat 

heterogeneity and niche availability, leading to an increase in species richness and a change in 

functional identity. Such an increase is accompanied by a shift towards pioneer and ruderal species, 

many of which are alien, potentially threatening native biodiversity. Overall, our study highlights the 

complex interactions between wildfire severity, vegetation dynamics, and functional traits and 

emphasizes the need for conservation and management practices considering the effects of high 

severity fire on ecosystem resilience and biodiversity. 
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7.1.4. Lagoon Ecology 

Functional traits and plant-soil feedback mechanisms in 

Cymodocea nodosa meadows 
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Abstract 

Seagrasses play a vital role in coastal ecosystems by providing essential ecosystem services, including 

oxygen production, carbon sequestration, shoreline stabilization, and the creation of habitats for 

diverse marine organisms (Duarte et al., 2013). At the seascape scale, in sheltered environments and 

in areas of recent colonization, seagrass meadows often display striking spatial patterns, such as 

circular vegetated patches, unvegetated gaps, or so-called fairy circles (Ruiz-Reynés et al., 2017). These 

patterns reflect the clonal growth dynamics of seagrass populations and can undergo rapid regime 

shifts, including sudden collapses that lead to bare patch centres. These mechanisms can be drastically 

influenced by the shifting regimes of seawater intrusions as the aftermaths of sea level rise.  

The emergence and configuration of self-organized spatial patterns are closely linked to the ecological 

condition of seagrass communities, as they respond sensitively to environmental changes. Strong 

plant–plant and plant–soil feedback mechanisms have been identified as key drivers of these 

dynamics, indicating the presence of nonlinear responses to external environmental pressures 

(Maxwell et al., 2017). However, further experimental evidence are required for identifying the drivers 

behind sudden pattern shifts and the consequent rapid loss of entire meadows. Disentangling these 

processes is crucial for assessing the resilience and vulnerability of seagrass ecosystems under 

changing water regime and other environmental conditions. 

To investigate these dynamics, 52 meadows of Cymodocea nodosa (Ucria) Asch. were sampled across a 

vast lagoon system in the Northern Adriatic Sea. Sampling was conducted at the patch scale along a 

gradient of patch age, targeting the edge and the centre of each patch, respectively. To characterize 

the age and clonal growth of the patches, patch diameter was measured and compared with historical 

orthophotos of the study area. At each location, above and belowground biomass, growth and 

functional traits (i.e, shoot density, leaf dry matter content, leaf area, leaf length, specific leaf area) of 

the species and sediment properties were collected. Statistical analyses were conducted using linear 

mixed-effects models to assess the effects of patch position and age on plant and soil variables. In 

addition, trait correlation networks were used to explore patterns of phenotypic integration across 

patch locations. Preliminary results indicated that, in the early stages of clonal growth, seagrass 
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patches tend to expand in terms of size, increasing total biomass and shoot density. However, over 

the long term, a progressive loss of above-ground biomass occurs in the central location of the 

patches, a phenomenon that, in some cases, leads to the formation of fairy circles. In contrast, we 

observed a consistent maintenance of below-ground biomass in the meadows over time, regardless 

of patch location, highlighting the ecological resilience associated with spatial pattern modification. 

Finally, correlation networks among plant traits at different patch locations reveal marked changes in 

phenotypic integration, emphasizing the need to further investigate plant–soil feedback mechanisms 

through a functional approach to gain a more comprehensive understanding of the ecological 

dynamics driving the formation of such spatial patterns. 
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7.1.5. River Ecology 
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Abstract 

Rivers play a critical role in biodiversity conservation and ecological connectivity. Understanding how 

plant communities vary in these dynamic systems and how their changes are visible using remote 

sensing is crucial for implementing effective conservation strategies. The Tagliamento river (N-E 

Italy) is characterized by flood events and a wide pristine gravel-bed where river bars are characterized 

by complex habitats corresponding to different successional stages. It is therefore subjected to nature 

conservation initiatives. 

In this area, 51 plots of 100 m2 area have been sampled during 2022 and 2023 seasons, within an 

Erasmus+ program involving four European countries. In each plot we performed vegetation 

surveys and collected soil data. Moreover, we analysed satellite images back to the 1980s to calculate 

principal multispectral indices and the age of the river bars. We found satellite-derived indices very 

effective in tracing changes of vegetation over time. NDVI was strongly positively related to the river 

bars age. Moreover, the plant functional diversity of the community appears to be driven by the river 

bars age and linked to the NDVI.  

Our results provide new insights into the dynamics of riverbed vegetation and the application of 

satellite imagery for remote sensing and conservation of these valuable habitats. 
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