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ABSTRACT 

Forest decline is a complex process involving interactions between environmental stressors, 

host condition, and associated microbial communities. This study investigated the microbial 

composition of Scots pine trees exhibiting decline symptoms in a forest near Sopron, 

Hungary, and compared them with neighbouring non-symptomatic individuals. In addition, 

remote sensing data based on Normalised Difference Vegetation Index (NDVI) were used 

to assess vegetation dynamics within the study area. 

Microbial communities were analysed using both shotgun metagenomic and 16S rRNA 

amplicon sequencing approaches. The results showed that community composition was 

primarily structured by tissue type rather than tree health status. Soil samples exhibited the 

highest diversity, while needle and trunk-associated communities were more constrained. 

Symptomatic samples showed a decrease in taxon richness, although overall community 

composition remained relatively stable. Specific taxa, such as members of the Acidobacteria 

phylum, were reduced in symptomatic samples, while some opportunistic and low-

abundance taxa showed slight increases. 

Remote sensing analysis revealed a clear reduction in NDVI values around 2021, indicating 

decreased vegetation vigour. This pattern was consistent across multiple datasets and 

supported by spatial and temporal analyses. 

The combined results suggest that tree decline in the study area is associated with subtle 

microbial shifts and measurable changes in vegetation condition. These findings highlight 

the potential of integrating microbiome analysis with remote sensing approaches to better 

understand forest health dynamics. 
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1. Introduction 

Forests constitute one of the most crucial ecosystems on our planet, with a significant impact 

on the quality of life of millions of species, including that of our own - Homo sapiens. Being 

one of our planet’s largest carbon sinks, forests represent a powerful shield against the 

constantly increasing threats of global warming. Studies show that if anthropogenic impact 

were not a factor in the forests’ health, they could store 226.00 billion tons of carbon more 

than they currently do (Mo et al., 2023). Apart from being key players in carbon 

sequestration and harbouring a large proportion of Earth’s biodiversity, forests also serve as 

the main source of income for approximately 1.6 billion people worldwide (Cherinet & 

Lemi, 2023). Therefore, ignoring threats to forests could prove fatal not only in the biological 

and ecological systems, but also in the environmental and economic aspects of our lives.  

Unfortunately, forests continue to be subject to stress and disease caused by various 

pathogens, pests, and anthropogenic disturbances. One such example is pine wilt disease 

(PWD) - an ongoing threat to pine trees across several countries in Europe, Africa, Asia, and 

North America (Proença et al., 2017). Although the primary cause of the disease has been 

attributed to the pinewood nematode (PWN), Bursaphelenchus xylophilus (Proença et al., 

2017), its underlying mechanism is thought to be much more complex than a simple cause-

effect relationship. An array of interactions involving the genetic makeup of both the 

causative agents and the affected trees and their soils, as well as their microbiome 

composition, may play a part in the disease’s progression or stagnation (Hou et al., 2025). 

Moreover, insects which may serve as disease-transmitting vectors add further intricacy to 

this multiplex system. External factors such as natural disasters, wildfires, climate change, 

and the human factor may also contribute to the outcome of the disease in a synergistic 

fashion  (Lee & Kim, 2025; Zou et al., 2024; Liu et al., 2022). 

In recent years, the prevalence of coniferous forests experiencing pine tree decline has also 

increased in regions of Hungary. This study focuses particularly on a forested region near 

the Hungarian city of Sopron. Here the local pine species - Scots pine (Pinus sylvestris L.) - 

has been visibly experiencing decline, with symptoms similar to those of PWD. These trees 

may serve as hosts to numerous microorganisms, which can be both beneficial for the plant 
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and detrimental. An imbalance in the composition of the microbial communities may 

promote plant disease (Halifu et al., 2026). Therefore, the emphasis is put on analysing the 

microbiomes in the affected trees and the associated soils. 

Metagenomic sequencing and analysis approaches help shed light on the microbial genomes 

present in the affected host trees. On a landscape or regional scale, remote sensing techniques 

are useful in detecting and monitoring forest condition using satellite- and aircraft-generated 

data, providing insight into the forest health at the canopy level. As the cause and mechanism 

behind the Scots pine decline in the Sopron forests is not yet fully understood, we perform a 

comparative metagenomic analysis of the microbial communities present in symptomatic 

and non-symptomatic trees and soils, and we utilise satellite imagery to examine canopy 

stress in the region near Sopron.  

We aim to identify the microbial species that may be associated with either plant health or 

disease-promoting activity, and to determine whether a correlation exists between the 

microbial communities and the vegetation health indicators derived from remote sensing.  
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2. Literature Review 

2.1. Forest ecosystems’ structure and function 

2.1.1. Definition and distribution 

According to the Food and Agriculture Organization of the United Nations (FAO, 2020), 

forests are terrestrial zones greater than or equal to an area of 0.5 hectares, predominantly 

composed of tree species capable of reaching a minimum height of 5 metres, and a canopy 

(crown) cover of at least 10% of the total land area. Furthermore, forests are vegetated 

regions that are not in use for agricultural or urban-related purposes. However, forest 

definitions may vary between countries. For example, in Hungary, as defined in Act No. 

XXXVII of 2009 on forests, on the protection and management of forests, forests are defined 

more strictly, generally requiring a minimum area of 0.5 hectares, tree heights exceeding 2 

metres, canopy cover of at least 50%, and a minimum average width of 20 metres. (Tobisch 

& Kottek, 2013). 

Based on their geographical location (latitude) and climate zone, forests can be broadly 

classified into distinct types, with the most widespread ones being tropical, subtropical, 

temperate, and boreal forests (Figure 1). Additional criteria such as the dominant species 

may further subcategorise these ecosystems into rainforests, deciduous forests, coniferous 

forests, and dry forests. P. sylvestris - the focal species of this study - is characteristic of the 

boreal and temperate coniferous forests. 
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Figure 1: Global distribution of forest types by climatic domain (Source: FAO, 2025) 

2.1.2. Layer composition 

A unique feature of all forest types is their vertical stratification – a special division of 

forests into layers corresponding to different levels of height, and consequently, different 

species composition (Juyal et al., 2022). At the very bottom, farthest from sunlight, lies the 

forest floor, sheltering diverse communities of insects, fungi, bacteria, and decomposing 

organic matter. Still with restricted access to sunlight, the next layer is the herb layer, 

consisting of shade-tolerant soft-stemmed plant species, such as grasses, ferns, and mosses. 

A moderate amount of light reaches the shrub layer and the understory layer, which are 

made up of low-set woody plants and immature small trees, respectively. The canopy layer 

sits higher up, resembling a roof-like structure made up of tree crowns readily exposed to 

sunlight. It is worth noting that not all layers are present in all forest types; some forest types 

may also have an emergent layer, with trees usually reaching a height of 50-70 metres from 

the ground, surpassing the canopy (Thiel et al., 2021). The presence of these distinct layers 

enables millions of species across different taxa to find suitable habitats in forest regions, 

making them biodiversity hotspots. In this study, modern sequencing technologies and 

remote sensing approaches are integrated to investigate both the forest floor and canopy 

layers within the Sopron forest study site. 
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2.1.3. Function and importance 

Forest ecosystems represent intricate natural systems made up of all the interacting biotic 

(living) and abiotic (non-living) components within a forest (Lee et al., 2025). Members of 

diverse biological groups, including animals, plants, bacteria, fungi, and archaea, interact 

directly and indirectly with one another as well as with abiotic factors like water, air, soil, 

temperature, and chemical compounds. The collective balance of these interactions 

maintains overall ecological stability in the Earth’s ecosystems through processes like 

carbon sequestration, oxygen production, and climate regulation (Aerts & Honnay, 2011). 

At the biological level, carbon sequestration occurs when carbon dioxide is converted to 

biomass through photosynthesis in chlorophyll-rich plants (Brockerhoff et al., 2017). Forests 

absorb carbon dioxide and store it in plant biomass and soils, exceeding the amount they 

release through processes like respiration and decomposition. As a result, they are 

considered carbon sinks – a key feature in the mitigation of climate change, which is largely 

driven by heat-trapping carbon dioxide in the atmosphere (Kabir et al., 2023).  

Another essential process forests participate in is nutrient cycling. Nutrient cycling refers to 

the movement or circulation of nutrients between organisms, the soil, and the atmosphere. 

The importance of this process lies in the reuse of key nutrients including nitrogen, 

phosphorus, and potassium, and in the minimisation of their loss (Balbinot et al., 2024). 

Forests provide suitable conditions for efficient nutrient cycling, as they readily allow 

movement of nutrients from the soil to the growing plants, and then with the help of 

microorganisms, from the dead decomposing plants back to the soil. The efficiency of this 

process ensures that the soil in the forests is fertile and promotes plant health (Shi et al., 

2024). 

Aside from ecological and biological impacts, forests constitute a major part of the global 

economy, particularly in developing countries in the continent of Africa, where forest-

dependent industries are a major source of employment. For instance, in Ethiopia, one of the 

largest sources of income is the sale of forest-generated products like resin, gum, charcoal, 

medicinal plants, forest foods, and construction materials (Cherinet & Lemi, 2023). 



Arta Neziri 

SOE-EMK 

Comparative Metagenomic Analysis of Microbial Communities 

Associated with Healthy and Diseased Pine Trees and Associated Soils 

6 

 

 

 

2.2. Pine forest ecology and distribution 

Based on their reproductive anatomy, all seed-bearing plants can be divided into one of the 

two major groups: angiosperms or gymnosperms, which exhibit different characteristics. In 

the broad sense, angiosperms are characterised by the presence of flowers and enclosed 

seeds, whereas gymnosperms are flowerless, with exposed or naked seeds (Yang et al., 

2024). These differences are reflected in the ability of each group to thrive in distinct 

environmental conditions. For instance, many gymnosperms thrive in cold, dry, nutrient-

poor environments (Zhang et al., 2017). Conifer trees are amongst the most abundant 

gymnosperm species, with predominance in the boreal and temperate zones, as well as high 

elevations in subtropical regions (Yang et al., 2024; Aiba, 2016). Their cone-bearing 

reproductive anatomy and their evergreen needle-resembling leaf structure make them 

ideally fit for the environments in those zones. Pine trees constitute one of the largest genera 

of coniferous trees within the family of Pinaceae – Pinus, with more than 120 species 

worldwide (Kovach et al., 2010). While their native range mainly encompasses North 

America, Europe and Asia, there are also pine plantations distributed throughout the 

Southern Hemisphere (Figure 2). Europe hosts a mix of native and introduced species of 

varying abundance. Particularly in Hungary, the most common species are Scots pine (Pinus 

sylvestris L.) which is native, and black pine (Pinus nigra J. F. Arnold) which is mostly 

introduced via plantation (Móricz et al., 2018). Despite being ecologically resilient and well-

adapted to their environments, these trees face growing threats to pests, pathogens, and 

environmental stressors. 
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Figure 2: Global distribution of pine native range and plantations (Source: Lantschner et 

al., 2017; accessed via Hoeksema et al., 2020) 

2.3. Pine forest decline and emerging threats 

Although reports from the Global Forest Resources Assessment (FAO, 2025) show the 

general deforestation rate has started to globally slow down, there is still a pine forest decline 

trend affecting forests at a global scale (Pimentel et al., 2025). The most frequently 

encountered culprits behind this decline are pathogens like pinewood nematodes 

(Bursaphelenchus xylophilus), invasive seed bugs like Leptoglossus occidentalis, bark 

beetles, and several pathogenic bacteria and fungi (more detail in section 2.4.3)(Luchi et al., 

2020). Abiotic stress manifested through climate change, wildfires, drought, storms, and 

anthropogenic activities like urbanisation and logging further exacerbate the negative 

impacts on forest health (Knutzen et al., 2025; Gea-Izquierdo et al., 2019). For instance, a 

forest exposed to a natural disaster may be more susceptible to pathogen invasion. 

Additionally, forests subject to anthropogenic land alteration may consequently suffer 

reduced nutrient cycling and carbon sequestration efficiencies, contributing, over time, to 

global warming, which in turn would bring about pathogen-favourable conditions like 

drought and wildfires. When the damaging impact caused by these factors is greater than the 

resilience capacity of the forests, decline occurs (Vásquez-Grandón et al., 2018). Therefore, 

considering all these factors as a whole, rather than individually, is crucial in establishing 
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forest-protective methods (Pimentel et al., 2025). Unfortunately, several pine species 

continue to be exposed to these stressors, with some examples provided in the next 

subsections. 

2.3.1. Pine wilt disease 

One of the most well-known pine diseases to date is pine wilt disease (PWD), which was 

first observed in the Japanese city of Nagasaki, in 1905, albeit the causal agent was revealed 

only 66 years later, in 1971 (Mamiya, 1983; Zhu et al., 2012). The affected trees exhibit 

visible symptoms including brownish or reddish needles, and stem shrinkage.  

B. xylophilus, also known as the pine wood nematode, is a parasitic roundworm species 

native to North America. Notably, its activity is not linked with high levels of pathogenicity 

in its native range. However, when introduced to other countries, it causes the lethal pine 

wilt disease. Although many pine species are vulnerable to its invasive mechanism, there are 

species like stone pine (P. pinea L.), which appears to be resistant to this nematode’s harm, 

even when it is present at high densities (European and Mediterranean Plant Protection 

Organization [EPPO], 2026). This might be related to the efficiency of defence mechanisms 

of the host species. 

P. sylvestris is one of the species severely damaged by this pathogen, which leads to their 

mortality. The first occurrence of pine wilt disease in Europe was in 1999, in Portugal, 

subsequently being detected in Spain and Madeira in 2008. Today, strict phytosanitary 

measures like quarantine regulations, monitoring programs, and immediate removal of 

affected trees are used to prevent the spread of the disease (EPPO, 2026). 

2.3.2. Dothistroma needle blight 

Another disease frequently affecting pine ecosystems is Dothistroma needle blight, caused 

by two pathogenic fungal species: Dothistroma septosporum (Doroguine) Morelet and D. 

pini Hulbary (Mullett et al., 2021). These pathogens infect the needles of numerous pine 

species, inducing a type of cell death known as foliar necrosis. The infected trees experience 

reduced growth, premature needle cast, and in some cases, mortality. While D. septosporum 
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is globally distributed, present throughout a wide range of pine forests and plantations, D. 

pini is more spatially restricted, with distribution in parts of North America and Europe.  

Although the exact date of the first incidence of this disease is not known, 

dendrochronological evidence suggests its presence in Canada as early as the 19th century 

(Mullett et al., 2021). Later, in the middle of the 20th century, the disease resulted in one of 

the largest outbreaks in pine plantations in the Southern Hemisphere, resulting in significant 

financial losses. Since then, the disease has been showing an increase in prevalence in the 

Northern Hemisphere, primarily affecting Canada, the United Kingdom, and France. In 

contrast to B. xylophilus, which is considered a Quarantine Pest (see previous section), D. 

septosporum and D. pini are considered Regulated Non-Quarantine Pests in Europe (Mullett 

et al., 2021).  

2.3.3. Pine decline in Hungary 

Located in Central Europe, Hungary has a varied landscape that supports high biodiversity. 

A major part of the country is constituted by the Carpathian Basin which is an ecologically 

rich lowland surrounded by mountains on its sides (Matzarakis & Gulyás, 2006).  Being in 

the temperate climatic zone and characterised by a continental climate, Hungary is home to 

diverse plant species occurring in forests and grasslands. Scots pine (P. sylvestris) is one of 

the native pine species in the region; however, it is already relict in some areas such as 

Fenyőfő (Horváth et al., 2022). This is believed to result from the combined consequences 

of elevated temperatures, aridity, and pests like bark beetles. Black pine (P. nigra) is a 

relatively drought-tolerant pine species in Hungary that was introduced in the 19th century. 

It was proposed as a good substitute for the drought-sensitive Scots pine. However, later 

studies conducted in P. nigra show that it is experiencing growth decline caused by severe 

drought and a subsequent pathogenic fungal infection (Móricz et al., 2018). In a forest 

condition assessment by the International Co-operative Programme on Assessment and 

Monitoring of Air Pollution Effects on Forests (ICP Forests), in 2024, it was found that 

fungal infection was present in 50% of all the black pines that were sampled and assessed 

(Michel et al., 2024). This observation further emphasises the need to explore ways to 

mitigate and prevent this tree damage. 
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2.4. Role of microorganisms in plant health and disease 

When studying plant health and disease diagnostics, it is crucial to acknowledge the fact that 

plants are not isolated entities; instead, they are hosts to taxonomically diverse 

microorganisms, including bacteria, archaea, fungi, viruses, nematodes, and protists. 

Together with these microorganisms, the plant forms a so-called holobiont – a collective 

system of intricately interacting species (Vandenkoornhuyse et al., 2015). The collection of 

all the present microorganisms in a specific environment, such as plant tissue or a 

compartment, is called a microbiome.  

2.4.1. Microbiome structure 

There are three main environments in a plant where these microorganisms may reside: the 

rhizosphere, the phyllosphere, and the endosphere (Santoyo, 2025). 

The rhizosphere is associated with the roots of the plant and constitutes the soil that is in 

direct contact with them. This root-associated compartment is further divided into the 

following subregions: endorhizosphere, rhizoplane, ectorhizosphere, and bulk soil (Gouda 

et al., 2018). The endorhizosphere contains the microbes residing inside the root tissues. 

Rhizoplane refers to the outer surface of the roots. The ectorhizosphere is the soil section 

immediately surrounding the roots, and bulk soil is the soil that is not in direct contact with 

the roots. The rhizosphere region is rich in microbial species that usually promote plant 

growth through key processes, such as nitrogen fixation, nutrient solubilisation, and 

phytohormone production, which will be discussed in more detail in the next subsection.  

The phyllosphere corresponds to all the superficial areas of the plant that are above the 

ground, including leaf surface, stem surface, and reproductive structures such as flowers and 

fruits (De Mandal & Jeon, 2023). Although it is less suitable as a habitat for microorganisms 

than the rhizosphere, due to exposure to abiotic factors like sunlight, storms, drought, and 

wind, it still contains a significant amount of microbes. The microbes in this region are often 

involved in protection of the plant from the aforementioned abiotic stressors, including UV 

light and desiccation (De Mandal & Jeon, 2023). These microbes are also thought to have a 

protective role against plant pathogens, serving as a line of defence, or biocontrol against 
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plant diseases. Therefore, phyllosphere microbiome composition is an essential area of 

research in plant disease diagnostic and treatment studies. 

Lastly, the endosphere represents all the regions beyond the surface – the inner parts of the 

plant. It can be further classified into root endosphere, stem endosphere, leaf endosphere, 

and fruit endosphere (Zhang et al., 2023). The inhabitants of the endosphere are known as 

endophytes, which are organisms living inside the plant. The diversity of microorganisms 

living in the endosphere is lower than in the other regions, as they are directly subject to 

plants’ immune system, therefore they are selectively filtered (Zhang et al., 2023). The 

microorganisms in this region are also related to crucial processes like plant growth and 

protection. In this study we focus on the rhizosphere (bulk soil) and endosphere (needle and 

trunk tissue), through metagenomic and 16S rRNA amplicon sequencing analyses. 

Finally, the microbial composition of a plant is not random, but rather shaped by 

evolutionary and phylogenetic constraints (Trivedi et al., 2022). In other words, the complex 

interactions between the host plant, the surrounding environment, and the microbes 

themselves determine which microorganisms persist in the plant and which do not. 

Moreover, the microbiome in all of these plant compartments is important in the well-being 

of a plant, and their efficiency is based on the balance and composition of the microbial 

species. Disturbance of microbial composition in plants – also known as dysbiosis – is often 

related to plant disease and reduced fitness (Arnault et al., 2023). Furthermore, although 

some microorganisms are beneficial and crucial for the plants, there are also pathogenic ones 

whose presence may cause harm; the next sections provide some examples of each group. 

2.4.2. Beneficial microorganisms and their functions 

For a plant to be healthy, several processes must be running smoothly. Those processes 

include nutrient and water uptake from the soil, photosynthesis in the leaves, and protection 

and tolerance against biotic and abiotic stressors. A successful outcome of all these processes 

depends on the complex interactions between the host plant and its microbiome, as well as 

the environmental conditions. These interactions are often mutualistic in nature, i.e. all 

organisms involved benefit from the relationship (Tharanath et al., 2024). In this case, plants 

benefit from facilitated water acquisition and protection from pathogens and biotic or abiotic 
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damage, whereas the microorganisms have a nutrient-rich habitat in the plant. Some 

microbiome species are always present in the same plant species, across different samples – 

these are referred to as the core microbiome (Grzyb & Szulc, 2024). As their functions are 

essential for the plant, they are consistently present in it. For instance, members of Alpha-

proteobacteria, belonging to the order of Rhizobiales, and genus of Sphingomonas, are 

indicated to be part of the core microbiota for pine species (Addison et al., 2023). From the 

fungal taxa, members of the Phaeotheca spp. (class of Dothideomycetes), and 

Phaeococcomyces spp. (class of Eurotiomycetes), were shown to be abundant in Pinus 

radiata (Addison et al., 2023). Some species may have an enormous impact even at low 

abundance – these are called keystone species (Grzyb & Szulc, 2024). For example, 

members of the Desulfosporosinus genus exert a crucial function in sulfate reduction in 

certain wetland soils, while constituting only 0.06% of the total microbiome community 

(Banerjee et al., 2018). Some taxa are intensively involved with many of the surrounding 

species, being at the centre of these interactions – these are called hub taxa (Grzyb & Szulc, 

2024). Usually, the most dominant taxa in plant core microbiota are bacteria and fungi.  

Enhanced nutrient uptake is one of the most important processes in which microorganisms 

are key players for the plant. Examples include nitrogen fixation, phosphate solubilisation, 

and mycorrhizal activity (Richardson et al., 2009).  

Nitrogen fixation is a process that converts nitrogen gas (N₂) into ammonia (NH₃) (Barakat 

et al., 2016). This conversion is vital for plants, as plants can only utilise ammonium (NH₄⁺) 

and nitrate (NO₃⁻), which are derived from nitrogen fixation and subsequent transformations 

in the soil, for plant growth and development. The microorganisms carrying out this 

conversion can be both symbiotic and free-living species in the soil. Examples of such 

organisms include members of the Rhizobium and Azotobacter genera, which inhabit the 

root nodules (primarily in legumes) and the rhizosphere soil, respectively (Aasfar et al., 

2021).  

Mycorrhizae are a special group of fungi, found in the root regions, where they mediate 

nutrient and water exchange between the roots and the soil, and in return they get the 

carbohydrates from the host plant (Kuo et al., 2014). They can be arbuscular mycorrhizae 
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(AM), with structures inside the roots, or ectomycorrhizal (ECM), which have a sheath 

around the roots. Members of the phylum Glomeromycota are representatives of the AM 

group, whereas most common ectomycorrhizal fungi are Basidiomycota and Ascomycota 

(Kuo et al., 2014). The latter ones are especially important in pine species, which they help 

grow in nutrient-poor and challenging soil environments. 

Phosphate is another essential nutrient for plant growth, involved in processes like energy 

transfer (in the form of adenosine triphosphate), nucleic acid synthesis, as well as root, 

flower, and seed formation and development (Bakki et al., 2024). However, it is often found 

in insoluble form in the soil. Phosphate solubilisation, similar to nitrogen fixation, is carried 

out by root- and soil-habiting microorganisms, which release phosphatase enzymes and 

organic acid compounds capable of dissolving mineral phosphate compounds into plant-

available phosphorus ions. Key genera in this process include Pseudomonas and Bacillus 

(Bakki et al., 2024).  

Hormonal regulation is also essential in plant growth, and microbes are key players in the 

production of many of these hormones, including phytohormones, auxins, gibberellins, 

cytokinins, and many more (Teiba et al., 2023). All of these hormones are involved in 

growth-regulating processes, essential for plant health, and many of them are produced by 

microbial communities which are commonly referred to as plant growth-promoting 

microorganisms (PGPM). Examples include members of the bacterial genera: Azospirillum, 

Azotobacter, Pseudomonas, Bacillus, Microbacterium, Rhizobium, and Mycobacterium. 

Trichoderma is also one of the most well-known fungal genera involved in phytohormonal 

plant growth promotion (Teiba et al., 2023). 

Protection from unwanted pathogens is also critical to maintain a healthy state for plants. 

The beneficial microbes aid in this by competing with the pathogenic bacteria for the same 

resources, by producing pathogen-specific antimicrobial compounds, and by stimulating the 

host plant immune responses (Fuller et al., 2023). These actions combined constitute 

biocontrol, and this is an active area of research in plant pathology. Pseudomonas, Bacillus, 

Burkholderia, and Streptomyces are amongst the bacterial genera frequently associated with 
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these features, whereas Trichoderma and Penicillium represent the fungal genera 

contributing to these protective actions (Fuller et al., 2023). 

Despite the immense benefits of the beneficial microbes, there are pathogenic ones which 

may often disrupt these well-organised complex interactions, compromising the plant’s 

health. Unveiling their mechanisms could help in developing effective biocontrol strategies 

against them.  

2.4.3. Pathogenic microorganisms and their effects 

Some microorganisms can be pathogenic to plants, impeding normal growth, causing 

sickness, and consequently the death of the plant. However, this disease outcome depends 

on three factors: the virulence of the given pathogen microbe, the vulnerability of the host 

plant, and the suitability of the environmental conditions. These three factors in literature are 

often referred to as the plant disease triangle (Klopfenstein et al., 2009).  

The environmental conditions are important in determining the outcome of the infection. 

Certain pathogens require certain environmental conditions to survive, thrive, and 

subsequently infect a plant (Klopfenstein et al., 2009). Moreover, unfavourable 

environmental conditions to the plant, such as drought, storms, or anthropogenically caused 

damage, may weaken the plant defence system, making them more sensitive and vulnerable 

to pathogen infections, opening ways to disease and decline. 

In the previous subsection, bacteria and fungi were amongst the most dominant taxa in plant-

beneficial microorganisms. A similar pattern is observed here as well, however, with viruses, 

nematodes and protists following in importance (Agrios, 2009).   

Plant-pathogenic fungi are known to cause a range of diseases, like root-rot, cankers, and 

general forest decline. The usual taxa behind these diseases are Armillaria species, 

Botryosphaeria, Diplodia, Phytophthora spp., Cronartium ribicola, and many others 

(Sturrock et al., 2011). Amongst the pathogenic bacteria, several taxa are well known as 

plant pathogens, including species from the genera Pseudomonas, Ralstonia, 

Agrobacterium, Xanthomonas, Erwinia, Xylella, Dickeya, and Pectobacterium (Adioumani 
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et al., 2022). Pathogenic viral infections are less common in forest ecosystems, compared to 

fungal and bacterial ones. Cherry leaf roll virus and tobacco rattle virus are amongst the most 

encountered ones in woody plants in forests (Rumbou et al., 2021).  

Some members of the phylum Nematoda are amongst the most abundant plant pathogens; 

they are parasites which cause disease and death in plants by feeding on the plant tissues. 

For instance, B. xylophilus, the pine wood nematode, which mainly disrupts the water 

circulation system in plants, more specifically, in the plant’s vascular tissues, xylem 

(Umebayashi & Fukuda, 2025). They may also reside in parenchymal cells of the plant and 

the resin canals, impeding proper water transport and wilting the plant (Umebayashi & 

Fukuda, 2025). 

As there are plant-associated microorganisms that can be both health-promoting and disease-

inducing, understanding the microbial communities in a plant, and identifying their 

associations with plant health or disease, is crucial in finding disease-preventative methods 

and suitable treatments. Advanced sequencing technologies are powerful tools that allow us 

to make this identification at the genetic level. 

2.5. Metagenomic approaches for studying microbial communities 

Traditionally, studying microorganisms was done through culturing and growing them on 

media, in laboratory conditions. This method is still in use today; however, it has a few 

caveats. Many microorganisms are fastidious, meaning they have specific requirements 

when it comes to the media they can grow in, and it is not feasible to meet their growth 

requirements in vitro. Additionally, they are often outgrown by fast-growing microbes. 

These limitations are overcome by metagenomics technologies, which can extract DNA and 

sequence it in situ, without the need for culturing. The DNA sequenced here is a collection 

of the genetic material found in the sample taken, and it can correspond to several different 

species and organisms (Pérez-Cobas et al., 2020). 

Metagenomics relies on next-generation sequencing (NGS) methods which are high-

throughput and allow for millions of DNA fragments to be sequenced at once. The most 

common platforms include Illumina sequencing, Oxford Nanopore Technologies, and 
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PacBio (Macip et al., 2025). Illumina provides short reads of high accuracy, whereas the 

other two provide longer reads, suitable for studying whole genomes.  

Two well-known metagenomics sequencing approaches include amplicon sequencing and 

shotgun sequencing. In amplicon sequencing, only a certain region of interest is sequenced. 

This region is determined by the primers used, and usually it is selected so that it comes from 

conserved and highly variable regions, that allow for universal primer use and species 

identification, respectively. For instance, the 16S rRNA gene in bacteria is a common marker 

for this purpose, as it has both conserved regions which are present in all bacteria, and highly 

variable regions which differ from species to species (Macip et al., 2025). Similarly, in fungi, 

internal transcribed spacer (ITS) regions serve the same purpose, as highly variable regions 

that are flanked by regions that are conserved throughout all fungi members (Pérez-Cobas 

et al., 2020). In shotgun sequencing, the whole genetic material in the sample is sequenced, 

therefore giving us more information regarding the species and their genetic composition 

(Pérez-Cobas et al., 2020). While 16S rRNA gene sequencing tells us which species or 

genera are present, shotgun sequencing tells us which genes and associated functions they 

have. Both methods are important in analysing microbial communities in plants, especially 

when identifying microbial communities in healthy and diseased plants. 

The raw data obtained from the sequencing process are then processed before being used for 

analysis. The processing steps include quality control and, if necessary, trimming, to remove 

low-quality, adapters and erroneous parts. In cases of amplicon sequencing, after filtering, 

similar sequences are grouped or clustered together into operational taxonomic units (OTUs) 

or amplicon sequence variants (ASVs) (Chiarello et al., 2022). Then the processed data are 

compared against databases to assign taxonomic classification.  

An important measure obtained through this part is the relative abundance, expressed in 

percentage (%), showing the percentage of sequences belonging to a certain taxon in a 

certain sample. This uncovers which taxa are more dominant in a sample. Two other crucial 

measures are alpha and beta diversity.  

Alpha diversity corresponds to the diversity of the species found within one sample, and it 

sheds light on two parameters: richness, and evenness, which are measured through, for 
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example, the Shannon index (Kers & Saccenti, 2022). The Shannon index describes how 

many species are present, and how evenly they are distributed in the sample. Another 

measure of alpha diversity is also the Simpson index, which reveals which species are 

dominant, if there are any, by measuring the probability that two random individuals in each 

sample belong to the same species (Kers & Saccenti, 2022). Alpha diversity helps determine 

the complexity of the microbial community in a sample.  

Beta diversity, on the other hand, shows how diverse the microbial communities between 

two samples are (Kers & Saccenti, 2022). For instance, it could help us compare the 

microbial communities in a non-symptomatic and a symptomatic tree sample. Examples of 

beta diversity measures include Bray–Curtis dissimilarity and UniFrac distance (Kers & 

Saccenti, 2022). The former measures the difference of the species and their abundance 

between two samples, whereas the latter measures the difference of microbial communities 

between two samples taking into account their evolutionary relationships. 

All these approaches are helpful in plant health and disease studies, particularly in studying 

the aetiology of a disease, as they allow for detailed identification and comparison of the 

microbiomes of the pathogen-affected and unaffected samples. 

2.6. Remote sensing for forest health monitoring 

Remote sensing involves obtaining information about our planet from a distance – without 

direct contact, usually using satellites, drones or aircraft (Lechner et al., 2020). It is 

particularly advantageous as it allows us to monitor our planet at a broad scale, without 

physically disturbing the environment. Moreover, it can provide us with information for the 

same location at different times, allowing us to track changes as a function of time. Early 

detection of change is also possible with remote sensing – which is highly useful in forest 

health and management studies (Pontius et al., 2020). For instance, physiological changes in 

stressed trees are detected by sensors before they appear to be symptomatic to the human 

eye. 

Among the available approaches, optical satellite data are widely used for assessing 

vegetation condition. In this study, data from Copernicus Programme satellites, specifically 



Arta Neziri 

SOE-EMK 

Comparative Metagenomic Analysis of Microbial Communities 

Associated with Healthy and Diseased Pine Trees and Associated Soils 

18 

 

 

 

Sentinel-2 and Sentinel-3, are utilised. These platforms provide consistent, high-frequency 

observations suitable for analysing temporal changes in vegetation. 

Optical sensors rely on electromagnetic radiation, whose source is often the Sun. More 

precisely, the sunlight that reaches the vegetation is partially absorbed by the chlorophyll 

pigments in plants for photosynthesis. As plants do not absorb at all wavelengths of light, 

they reflect some of it – this reflected light is detectable by sensors such as satellites, drones, 

and aircraft. The wavelengths of absorbed, reflected, and emitted radiation by plants are 

unique and they comprise the spectral signature of vegetation areas, and as such can be used 

to determine vegetative zones. Plants absorb red (0.600-0.700 µm) and blue light (0.400-

0.500 µm), while reflecting the green (0.500-0.600 µm) and near infrared light (NIR) (0.700-

1.300 µm) – hence the green colour in their leaves (NIR is not visible to the human eye) 

(Figure 3). As the primary factor controlling leaf reflectance in the NIR wavelength range 

is the cellular structure of the plant (the mesophyll), NIR reflectance is significant as it 

provides insight into internal leaf structure.  

To mathematically measure the vegetation state, there are vegetation indices which help 

determine the greenness and health of a certain vegetated area (Lechner et al., 2020). The 

most commonly used index is the normalised difference vegetation index (NDVI) which is 

obtained by dividing the difference between the reflected NIR and the reflected red light (R) 

with their sum (Boiarskii & Hasegawa, 2019), as shown by the formula (1): 

 𝑵𝑫𝑽𝑰 = (𝑵𝑰𝑹 − 𝑹)/(𝑵𝑰𝑹 + 𝑹) (1) 
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Figure 3: The typical vegetation spectral reflectance curve (Source: Keyworth et al., 2009) 

In forestry, remote sensing is crucial to obtain data for vegetated areas subject to stress, 

drought, or disease. Damaged and drying plants are associated with lower NDVI values 

(Keyworth et al., 2009). Other indices used as stress markers include but are not limited to 

enhanced vegetation index (EVI), greenness index, moisture stress index (MSI), and 

modified soil adjusted vegetation index (MSAVI). Determining which index is more apt for 

a specific study depends on the sensitivity of the sensor being used (the detectable 

wavelengths) and the environmental conditions of the site of interest. For instance, an area 

with scarce vegetation would better be studied using soil-adjusted indices, which diminish 

background-generated reflectance (Pontius et al., 2020).  

Temporal analysis of NDVI further enhances its utility, allowing the identification of 

anomalous years or periods of reduced vegetation performance. By comparing NDVI values 

across multiple years, it is possible to distinguish between normal seasonal variability and 

abnormal declines linked to environmental stress or disease events. 
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Although remote sensing data on its own cannot directly determine the cause of disease, as 

it primarily captures canopy-level characteristics, it provides valuable complementary 

information to sequencing and bioinformatics analyses.  

In this study, NDVI derived from Sentinel-2 and Sentinel-3 data is used to assess spatial and 

temporal patterns of vegetation condition in Scots pine stands near Sopron. These remote 

sensing observations are integrated with microbiome data to explore potential relationships 

between canopy-level stress and microbial community composition. 
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3. Materials and Methods 

3.1. Study area and sample collection 

The pine tree samples were collected in a forest located in the Sopron-Fertőmellék District, 

in Hungary (47°39'29.7"N 16°33'21.5"E), on August 25th, 2021 (Figure 4). Some of the pine 

trees in this location were visibly affected by a disease, with some of them being already 

dead. The affected trees were exhibiting symptoms such as yellowing and wilting (Figure 

5). We took samples from one non-symptomatic P. sylvestris tree (A) and its neighbouring 

symptomatic tree (B). Samples were collected from the soil (1), needle (2) tissues, and trunk 

tissues (3) into sterile containers, for both the symptomatic trees and their non-symptomatic 

neighbouring trees.   

 

Figure 4: The location of the study site near Sopron 
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Figure 5: Non-symptomatic (A), symptomatic (B), and dead (C) pine trees in Sopron 

3.2. DNA extraction and isolation 

Sterile scalpels were used to scrape sample material from the tissues of interest. The samples 

were then immediately stored under 4 °C, until further processing. Subsequently, sterile 

mortar and pestle were used to homogenise 0.25 g of each sample into a powdery 

consistency, under liquid nitrogen. 

DNA extraction and isolation was performed using the DNeasy® PowerSoil® Pro Kit from 

QIAGEN, following the manufacturer’s protocol. This kit is efficient in extracting DNA 

material from environmental samples that are rich in PCR inhibitors. Upon extraction, DNA 

was then stored at -20 °C, to prevent unwanted degradation. 

Subsequent processes including PCR, quality checking and sequencing were performed in 

the Hungarian Centre for Genomics and Bioinformatics, Szentágothai Research Centre, 

University of Pécs. 
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3.3. DNA sequencing and bioinformatics processing 

Sequencing was performed at two levels, using shotgun metagenomic sequencing and 16S 

rRNA amplicon sequencing. Shotgun metagenomic sequencing was performed on trunk 

(A3, B3) tissues of P. sylvestris to characterise both eukaryotic and prokaryotic 

communities, whereas 16S rRNA amplicon sequencing was done on trunk (A3, B3), needle 

(A2, B2) and soil (A1, B1) samples to exclusively target the bacterial taxa across them. 

3.3.1. Shotgun Metagenomic Sequencing 

Shotgun sequencing was performed on the symptomatic and non-symptomatic trunk samples 

using the Illumina NovaSeq 6000 platform (San Diego, CA, United States) with paired-end 

reads of 150 nucleotides. NEB Next Ultra II DNA Library Preparation kit (Ipswich, MA, 

United States) was used for library preparation. FastQC (Andrews, 2010) and Trimmomatic 

(Bolger et al., 2014) were used to quality check, adapter removal and length filtering. 

Cleaned reads were aligned to the NCBI (Nt) database (Sayers et al., 2022) using the KMA 

aligner (Clausen et al., 2018) for taxonomic classification, followed by community profiling 

with CCMetagen (Marcelino et al., 2020). The resulting datasets were then classified into 

read count tables for both the eukaryotic and prokaryotic taxa, at different taxonomic levels, 

including phylum, family, genus, and species. 

3.3.2. PCR for the Amplicon Data 

The 16S rRNA gene region was amplified from soil (A1, B1), trunk (A3, B3) and needle 

(A2, B2) samples to assess the bacterial community composition. New England Biolabs 

(NEB) LongAmp™ Taq 2× Master Mix (Ipswich, MA, United States) was used for 

amplification, together with the universal bacterial primers 27F (5’-AGA GTT TGA TCM 

TGG CTC AG-3’) and 1492R (5’-TAC GGY TAC CTT GTT ACG ACT T-3’). 

PCR amplification was carried out with an initial denaturation step at 94 °C for 30 seconds, 

followed by 25 cycles of denaturation at 94 °C for 30 seconds, annealing at 61 °C for 30 

seconds, and extension at 65 °C for 120 seconds. A final extension step was performed at 65 

°C for 10 minutes, followed by a hold at 4 °C. 
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3.3.3. Amplicon Sequencing (16S rRNA sequencing) 

The Oxford Nanopore MinION platform was used to perform 16S rRNA amplicon 

sequencing on soil (A1, B1) , trunk (A3, B3) and needle (A2, B2) samples from symptomatic 

and non-symptomatic trees, using a single-end long-read approach. Bioinformatic 

processing of the amplicon data was conducted externally. 

The amplicon library was prepared using the Native Barcoding DNA Kit (SQK-LSK-109) 

(Oxford Nanopore Technologies, Oxford, United Kingdom), and sequencing was performed 

on the MinION Mk1B device. The resulting datasets were summarised into read count tables 

at the class level, covering six sample types: 

• Non-symptomatic soil (A1)  

• Non-symptomatic needles (A2) 

• Non-symptomatic trunk (A3) 

• Symptomatic soil (B1) 

• Symptomatic needles (B2) 

• Symptomatic trunk (B3). 

3.4. Data Analysis and Statistics 

3.4.1. Shotgun metagenomics data 

Relative taxonomic abundance was calculated for both eukaryotic and prokaryotic datasets 

in non-symptomatic and symptomatic samples. The relative abundance of each taxon was 

determined by dividing the number of reads assigned to a given taxon by the total number 

of reads in the respective sample, multiplied by 100. Calculations were performed separately 

at different taxonomic levels, including phylum, family, genus and species. 
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All analyses and visualisations were carried out in R (version 4.5.1) (R Core Team, 2025). 

Circular and stacked plots were generated using the packages tidyverse (Wickham et al., 

2019), circlize (Gu et al., 2014), patchwork (Pedersen, 2025), RColorBrewer (Neuwirth, 

2022), tibble (Müller & Wickham, 2025), stringr (Wickham, 2025b), and forcats (Wickham, 

2025a), while alpha diversity analyses were performed using tidyverse, vegan (Oksanen et 

al., 2026), and patchwork. 

3.4.2. Amplicon 16S data 

Amplicon data analysis and visualisation were performed in R (version 4.5.1), using the 

packages tidyverse, vegan, pheatmap (Kolde, 2025), and RColorBrewer. 

3.5. Remote sensing analysis 

Remote sensing analysis was conducted to assess spatial and temporal variation in vegetation 

condition within the study area using Google Earth Engine. 

Sentinel-2 surface reflectance imagery (COPERNICUS/S2_SR_HARMONIZED) was used 

to derive NDVI values for the study area (Drusch et al., 2012). Images were filtered by 

spatial extent and cloud cover (<20-30%, depending on the workflow). Cloud and shadow 

effects were reduced using quality masking approaches, including the Scene Classification 

Layer (SCL) and QA60 band. NDVI was calculated from the near-infrared (B8) and red (B4) 

bands. 

Forest compartment boundaries were obtained from erdoterkep.nebih.gov.hu. The study area 

was defined based on forest compartments 98E and 98F, and further divided into affected 

and non-affected zones. The non-affected area was generated by excluding the affected 

region from the overall study area geometry (98E and 98F combined). This allowed 

comparison of vegetation condition across different spatial units. 

To analyse vegetation dynamics, NDVI time series were generated for the full year 2021 

across all regions. In addition, mean NDVI values for August 2021 were calculated for each 

region, representing peak vegetation conditions. These values were used to compare 

differences between compartments and between affected and non-affected areas. 
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Spatial patterns of vegetation condition were assessed by generating NDVI maps for August 

2021. An NDVI anomaly map was also produced by subtracting the mean NDVI of a 

baseline period (2016-2020) from the August 2021 NDVI values. 

To investigate temporal trends, a smoothed NDVI time series was generated for the affected 

area using a ±15-day moving window, reducing short-term variability. Furthermore, annual 

NDVI trends were derived using median composites for the main vegetation period (May-

September) for each year between 2017 and 2026. 

To complement the Sentinel-2 analysis, Sentinel-3 OLCI data (COPERNICUS/S3/OLCI) 

were used to assess interannual NDVI variability (Drusch et al., 2012). NDVI was calculated 

using radiance bands, and values outside the valid range (0-1) were excluded. Seasonal 

composites were generated for the peak vegetation period (July-August), using the 75th 

percentile to reduce the influence of outliers. Only years with at least five observations were 

included. Interannual variability was expressed as Z-score anomalies. 

The Sentinel-3 results were compared with outputs obtained from the TEMRE platform 

(Somogyi et al., 2018). 

NDVI raster outputs (GeoTIFF format) were exported from Google Earth Engine and further 

processed in RStudio. In R, raster data were converted into data frames and visualised using 

ggplot2. Final maps were produced by overlaying NDVI layers with compartment 

boundaries, and map elements such as scale bars, north arrows, and labels were added. 

Additional visual assessment of vegetation changes was conducted using historical imagery 

from Google Earth Pro (version 7.3.7.1155). 
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4. Results 

4.1. Shotgun metagenomic results 

After quality filtering and processing, a total of approximately 450,069 reads were obtained 

for the non-symptomatic samples and 471,298 reads for the symptomatic samples in the 

shotgun metagenomic dataset, indicating comparable and sufficient sequencing depth for 

downstream taxonomic analysis. 

The shotgun metagenomic data revealed a slight but consistent shift in microbial community 

composition between non-symptomatic and symptomatic samples in both the prokaryotic 

and eukaryotic datasets (Figure 6). In the prokaryotic community, the dominant phyla across 

both conditions were Proteobacteria, Bacteroidetes, Actinobacteria, Firmicutes, 

Synergistetes, and Acidobacteria (Figure 6A). Low-abundance phyla (<1%) were grouped 

into the “Others” category. A noticeable difference was observed for Acidobacteria, which 

exhibited higher relative abundance in non-symptomatic samples compared to symptomatic 

samples. 

For the eukaryotic dataset, after quality filtering, the metagenomic dataset comprised 

2,010,039 reads for the non-symptomatic samples and 2,252,768 reads for the symptomatic 

samples. The majority of reads were assigned to host-derived sequences (Streptophyta), 

accounting for over 99% of the total reads in both samples. 

After removal of host-derived sequences (Streptophyta) and normalisation, Ascomycota and 

Basidiomycota represented the dominant fungal phyla in both conditions (Figure 6B). In 

addition, Oomycota, Mucoromycota, and Ciliophora showed higher relative abundance in 

symptomatic samples, whereas Apicomplexa was detected exclusively in symptomatic 

samples, albeit at low abundance. 

At the genus level, both datasets displayed broadly similar community structures between 

conditions, with several condition-associated shifts. In the prokaryotic dataset, Bacteroides 

was the most abundant genus (~35%), followed by Klebsiella (~15%), Staphylococcus (~10-

13%), and Cronobacter (~6-7%) (Figure 6C). When comparing conditions, Klebsiella, 

Staphylococcus, Cronobacter, and Acinetobacter showed slight increases in symptomatic 
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samples, whereas Bacteroides and Halomonas showed slight decreases. A pronounced 

reduction was observed for unclassified Burkholderiales in symptomatic samples (~2.2% to 

~0.6%). The “Others” category, representing low-abundance (<0.5%) genera, was slightly 

higher in non-symptomatic samples. 

In the eukaryotic dataset, Adineta (~60%) and Rotaria (~19%) dominated in both 

symptomatic and non-symptomatic samples (Figure 6D). The remaining community 

consisted of lower-abundance taxa, including Brachionus (~4%). The most notable shifts 

included a substantial increase in Brugia in symptomatic samples and a marked decrease in 

Armillaria. Malassezia also showed increased relative abundance in symptomatic samples. 

Several taxa were detected exclusively in symptomatic samples, although some of these 

occurred at low relative abundances (<0.5%) and were not visually prominent in the plots. 

These included Obtectomera, Stylonychia, Sordariomyceta, and Apicomplexa, indicating the 

presence of condition-specific low-abundance eukaryotic lineages. 

It should be noted that Caulimoviridae was detected in the dataset; however, as a viral taxon, 

it was excluded prior to downstream analyses and visualisation, due to the study focus on 

prokaryotic and eukaryotic communities.  
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Figure 6: Taxonomic composition of shotgun metagenomic datasets from symptomatic and 

non-symptomatic Pinus sylvestris trunk samples. (A) Relative abundance of prokaryotic 

phyla. (B) Relative abundance of eukaryotic phyla, excluding host (Pinus sylvestris) 

sequences. (C-D) Stacked bar plots showing the relative abundance of the most dominant 

prokaryotic and eukaryotic genera, respectively, across symptomatic and non-symptomatic 

samples. The “Others” category represents low-abundance genera (mean relative 

abundance <0.5%). 
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Alpha diversity of metagenomic prokaryotic communities was assessed using Shannon 

diversity (H’), Simpson diversity (1-D), and species richness (S) (Table 1). Shannon 

diversity showed a slight decrease in symptomatic samples (H’ = 2.40) compared to non-

symptomatic samples (H’ = 2.52). In contrast, Simpson diversity remained constant between 

conditions (1-D = 0.833 for both). Species richness was reduced in symptomatic samples (S 

= 39) relative to non-symptomatic samples (S = 53), indicating a lower number of observed 

taxa in infected samples. 

In case of eukaryotic diversity, Shannon index showed a slight increase in symptomatic 

samples (H’ = 1.47) compared to non-symptomatic samples (H’ = 1.40) (Table 1). Similarly, 

Simpson diversity showed a minor increase in symptomatic samples (1-D = 0.607 vs 0.590). 

Species richness remained unchanged between conditions (S = 20 for both). 

Community Condition Shannon Index 

(H') 

Simpson Index (1-

D) 

Taxon Richness 

(S) 

Prokaryotic Non-symptomatic 2.52 0.833 53 

Prokaryotic Symptomatic 2.40 0.833 39 

Eukaryotic Non-symptomatic 1.40 0.590 20 

Eukaryotic Symptomatic 1.47 0.607 20 

Table 1: Alpha diversity indices for the shotgun metagenomic prokaryotic and eukaryotic 

datasets 

4.2. Amplicon sequencing results 

Analysis at the class level for the amplicon dataset revealed that prokaryotic community 

composition varied across tissue types and subtly health conditions (Figure 7). Across all 

samples, the community was dominated by Gammaproteobacteria (33-36% depending on 

tissue), Actinobacteria (9-13%), Alphaproteobacteria (7-11%), Bacilli (5-8%), and 

Clostridia (3-6%). 

Clear differences were observed between tissues. Soil samples showed a more diverse 

composition, with relatively higher contributions from classes such as Alphaproteobacteria 

(15-18%), Acidobacteriia (1-4%; included in the “Other” category in the overall plot due to 

low global abundance), and Negativicutes (10-15%). In contrast, needle samples were more 
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strongly dominated by Gammaproteobacteria (35-40%) and Actinobacteria (10-12%). Trunk 

samples exhibited a composition similar to the needles, with slight differences; 

Alphaproteobacteria were slightly more abundant (7-8%), and Gammaproteobacteria 

slightly less abundant (30-35%). 

When comparing non-symptomatic and symptomatic samples, the prokaryotic class 

composition remained fairly consistent between the two conditions in all tissue types. Slight 

decreasing trends were observed for Actinobacteria and Alphaproteobacteria, particularly in 

trunk samples. In the soil samples, however, Actinobacteria showed a slight decrease in the 

symptomatic sample, whereas Alphaproteobacteria and Gammaproteobacteria experienced 

a slight increase. Unclassified taxa with unknown class were not included in this analysis. 

Overall, the differences between tissues appeared more pronounced than those between 

health conditions, although infection was associated with subtle shifts in the relative 

abundance of several dominant prokaryotic classes. 

 

Figure 7: Prokaryotic community composition in 16S rRNA amplicon sequencing datasets 

at class level, for non-symptomatic and symptomatic soil (A1, B1), needle (A2, B2), and 

trunk (A3, B3) samples. The “Other” category represents low-abundance bacterial classes 

(mean relative abundance <1%). 
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The heatmap revealed variation in class-level relative abundance across both tissue types 

and health conditions (Figure 8). Several bacterial classes exhibited noticeable differences 

between non-symptomatic and symptomatic samples, as indicated by contrasting colour 

intensities. These differences were particularly evident in soil samples, where multiple 

classes showed higher relative abundance in the non-symptomatic condition compared to the 

symptomatic condition.  

In contrast, needle and trunk samples displayed more similar abundance patterns between 

non-symptomatic and symptomatic conditions, with fewer pronounced differences across 

bacterial and archaeal classes. 

The heatmap provides a more detailed view of the community by highlighting variation in 

less abundant bacterial and archaeal classes that were not clearly visible in the stacked bar 

plots. For instance, Nitrospira, Thermoprotei, and Halobacteria show a clear decrease in the 

symptomatic soil sample compared to the non-symptomatic one. Thermotogae and 

Anaerolineae also exhibit a moderate decrease in symptomatic soil and needle tissues 

compared to their non-symptomatic counterparts. 

Methanococci and Armatimonadia, on the other hand, show an increase in symptomatic soil 

samples compared to non-symptomatic samples. Several additional classes also display 

decreases in symptomatic samples, particularly in needle and trunk tissues, although these 

changes are generally less pronounced. 

Hierarchical clustering of bacterial classes grouped taxa with similar abundance patterns 

across samples, highlighting sets of classes that responded similarly across tissues and 

conditions. 
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Figure 8: Heatmap of bacterial and archaeal class-level abundance in 16S rRNA amplicon 

datasets. Hierarchical clustering of non-symptomatic (A1-A3) and symptomatic (B1-B3) 

samples based on relative abundance patterns of bacterial classes across different tissue 

types (needles (A2/B2), soil (A1/B1), and trunk (A3/B3)). 

Differential abundance at bacterial class level was assessed using log2 fold change values 

comparing symptomatic and non-symptomatic samples across three tissues (needles, soil, 

and trunk). Positive values indicate higher abundance in symptomatic samples, while 

negative values indicate lower abundance relative to non-symptomatic controls (Figure 9). 

Bacterial and archaeal classes showed heterogeneous responses to symptom development, 

with both increases and decreases in relative abundance depending on taxonomic group and 

tissue type. In some cases, no change in abundance was observed between conditions. 

Generally, the magnitude of log2 fold change values varied across taxa, potentially 

indicating uneven restructuring of the microbial community across conditions. 

When comparing tissue types, needle-associated communities displayed the widest range of 

log2 fold change values, suggesting more pronounced differences between symptomatic and 
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non-symptomatic samples. Soil samples exhibited moderate shifts in abundance across taxa, 

while trunk-associated communities showed comparatively more selective changes. 

For example, Acidobacteriia showed the largest decrease in needle samples, reaching values 

below -3, while displaying an increase in trunk samples. The largest decrease in soil samples 

was observed for Nitrospira, which showed no change in the other two tissue types. 

Chitinophagia and Armatimonadia showed the largest increases in trunk and soil samples, 

respectively. 

As the dataset consists of aggregated count data without biological replication per condition, 

statistical significance testing was not performed. Therefore, results are interpreted in a 

descriptive manner based on log2 fold change patterns. 

 

Figure 9: Differential abundance analysis of bacterial and archaeal classes in the 16S rRNA 

amplicon dataset. Log2 fold change of bacterial class abundance between non-symptomatic 

and symptomatic samples across needle, soil, and trunk tissues, identifying taxa enriched or 

depleted under disease conditions. 
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Alpha diversity was also assessed for the amplicon dataset, by calculating species richness 

(S), Shannon diversity index (H’), and Simpson diversity index (1-D) for symptomatic and 

non-symptomatic samples across needles, soil, and trunk (Table 2). The differences between 

the non-symptomatic and symptomatic samples were visible, although not drastic.  

Species richness was highest in soil samples, followed by needles and trunk. Non-

symptomatic samples showed slightly higher richness compared to symptomatic samples in 

all tissues, with the most pronounced difference observed in needle-associated communities 

(32 vs 24 taxa). 

Shannon diversity values showed only minor variation between conditions, with soil 

communities exhibiting the highest diversity overall (H’≈2.31 in non-symptomatic samples). 

Only slight decreases were observed in soil and needle samples under symptomatic 

conditions, while trunk samples showed a marginal increase. Simpson diversity index values 

remained relatively stable across all samples (0.75-0.86), indicating that community 

dominance structure was largely unaffected by symptom development. 

As the dataset is based on aggregated count data without biological replication per condition, 

statistical testing was not performed. Therefore, observed differences in alpha diversity are 

interpreted descriptively. 

Tissue Condition Shannon Index 

(H') 

Simpson Index 

(1-D) 

Taxon Richness 

(S) 

Needles Non-symptomatic 1.97 0.76 32 

Needles Symptomatic 1.96 0.759 24 

Soil Non-symptomatic 2.31 0.858 38 

Soil Symptomatic 2.27 0.849 36 

Trunk Non-symptomatic 2.01 0.779 30 

Trunk Symptomatic 2.06 0.787 28 

Table 2: Alpha diversity for the prokaryotic amplicon dataset across different tissues and 

conditions 
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4.3. Remote sensing analysis results 

The NDVI analysis revealed both spatial and temporal variation in vegetation condition 

within the study area. The results are presented in Figures 10-17 and include spatial patterns, 

comparisons between the two compartments of interest (98E and 98F), the affected and non-

affected areas, and temporal trends over multiple years.  

The spatial distribution of NDVI in August 2021 (Figure 10) shows noticeable differences 

between areas within compartments 98E and 98F. Lower NDVI values appear in certain 

parts of the study area, indicating reduced vegetation greenness. This is further highlighted 

by the NDVI anomaly map, where negative values are visible in these same areas, showing 

a decrease compared to the baseline period (2016-2020). 

 

Figure 10: Spatial distribution of NDVI (left) and NDVI anomaly (right) for August 2021 in 

compartments 98E and 98F. The anomaly map represents the difference between August 

2021 NDVI and the mean NDVI of the baseline period (2016–2020), highlighting areas of 

reduced vegetation condition. 

A comparison of mean NDVI values for the month of August in 2021 (Figure 11) shows 

clear differences between the studied regions. The affected area expectedly has the lowest 

NDVI values, while the non-affected area and the two compartments show higher values. It 

is also shown that the 98F compartment has lower NDVI compared to the 98E compartment, 

in agreement with the visual presentation in Figure 13. 
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Figure 11: Comparison of mean NDVI values for August 2021 across compartments 98E, 

98F, affected area, and non-affected area. Lower NDVI values are observed in the affected 

area, indicating reduced vegetation vigour 

The seasonal NDVI dynamics for 2021 (Figure 12) follow a similar pattern across all 

regions. NDVI values increase during the spring months, reach a peak in summer, and then 

decrease towards autumn. During peak season, the affected area shows visibly lower NDVI 

values compared to the non-affected area and the two compartments. 

 

Figure 12: Seasonal NDVI dynamics for 2021 across compartments 98E, 98F, affected, and 

non-affected areas, based on Sentinel-2 observations, showing similar temporal patterns 

with consistently lower NDVI values in the affected area. 

The smoothed NDVI time series for the affected area (Figure 13) shows clear seasonal 

fluctuations over the study period from 2017 to 2026. The pattern resembles regular 
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vegetation growth cycles, but there is a noticeable reduction in NDVI around the peak season 

of 2021 compared to the other years. 

 

Figure 13: Smoothed NDVI time series based on a ±15-day temporal averaging window for 

the affected area from 2017 to beginning of 2026, illustrating seasonal vegetation dynamics. 

The NDVI decrease characterising 2021 is much more visible in the next plot, which shows 

the annual NDVI trend derived from Sentinel-2 data (Figure 14). The lowest NDVI value 

occurs in 2021, while other years show relatively higher values, indicating that vegetation 

condition was reduced during that year. 

 

Figure 14: Annual NDVI trend derived from Sentinel-2 median composites (2018-2026), 

showing interannual variability in vegetation condition, with the lowest NDVI values 

observed in 2021. 
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Similar patterns are observed in the Sentinel-3 derived NDVI anomalies (Figure 15), where 

negative Z-score values are present around 2021, indicating below-average vegetation 

conditions. The results obtained from the Hungarian TEMRE platform (Figure 16) show a 

comparable trend, with reduced NDVI values during the same period. The consistency 

between these datasets suggests that the observed patterns are reliable. 

 

Figure 15: Interannual NDVI anomalies expressed as Z-scores derived from Sentinel-3 data 

(2019-2026). Negative values indicate below-average vegetation condition, while positive 

values indicate above-average conditions 

 

Figure 16: Interannual NDVI anomalies derived from Sentinel-3 data (2019-2026) obtained 

from TEMRE platform. 
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The change in vegetation condition within the study area is also visualised using historical 

imagery from Google Earth Pro (Figure 17). The image from 2020 shows relatively dense 

and uniformly green canopy cover, whereas the 2021 image reveals distinct areas of 

discoloured canopy, with orange-brown tones visible within the compartment. By June 2022, 

these areas appear more open, suggesting that trees in the affected zones had been removed.

 

Figure 17: Historical satellite imagery of the study area showing vegetation conditions at 

three time points: September 20th 2020 (A), September 4th 2021 (B), and June 4th 2022 (C). 

Compartment boundaries (98E and 98F)are overlaid to provide spatial context. 
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5. Discussion 

In this study, we investigated the microbial composition associated with Scots pine trees 

exhibiting signs of decline in a forest near Sopron, Hungary. We compared non-symptomatic 

trees with neighbouring symptomatic individuals in order to explore associations between 

plant health status and microbial community structure. In addition, we integrated remote 

sensing data to assess vegetation dynamics within the same study area through NDVI-based 

time-series analysis. 

The study focused on bacterial, archaeal, and fungal communities in order to characterise 

both prokaryotic and eukaryotic components of the pine-associated microbiome. In 

particular, we aimed to identify taxa that differ in relative abundance between symptomatic 

and non-symptomatic conditions, thereby providing insights into how microbial community 

composition shifts in relation to host health status. 

This approach may help identify microbial taxa potentially associated with disease or stress 

conditions, which could serve as candidates for future biocontrol strategies. Furthermore, 

the inclusion of remote sensing data enables the assessment of vegetation condition at an 

ecosystem scale over extended temporal periods, providing broader context for the observed 

microbial patterns. 

Our shotgun metagenomic analysis indicates that microbial communities in both the 

prokaryotic and eukaryotic datasets remained relatively stable, although slight shifts were 

observed under diseased conditions. In the prokaryotic dataset, this shift is reflected in a 

decrease in species richness from 53 to 39 (Table 1). Acidobacteria are visibly reduced in 

symptomatic trunk samples (Figure 6A), which is in agreement with previous studies 

reporting their enrichment in non-symptomatic pine trees compared to diseased ones (Lasa 

et al., 2024). Previous studies have also shown that members of the Acidobacteria phylum 

may have plant growth-promoting properties, possibly through auxin production pathways 

(Kielak et al., 2016).  

At the genus level, Bacteroides were the most abundant in both conditions, followed by 

Klebsiella and Staphylococcus (Figure 6C). The dominance of Bacteroides could be 
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explained by their ability to ferment and digest complex carbohydrates in the plant (Wexler, 

2007), and as structurally-complex plant compartments such as pine trunks likely favour 

taxa with such metabolic capabilities. Although they remain dominant under both conditions, 

their abundance is shown to be slightly reduced in the symptomatic samples. This could 

possibly hint at their role in plant well-being. 

Klebsiella, on the other hand, is also thought to be associated with plant growth-promoting 

processes, such as nitrogen fixation, phytohormone production, and phosphorus and 

potassium solubilisation (Duran-Bedolla et al., 2021). However, there are certain strains that 

may rise to become opportunistic and pathogenic under disease conditions, such as 

Klebsiella variicola. This could explain the minor increase of this genus in the symptomatic 

samples compared to the non-symptomatic ones.   

Staphylococcus, Cronobacter, and Acinetobacter also exhibit a slight increase in the 

symptomatic samples, suggesting possible correlation with disease promotion and 

opportunistic behaviour. Lastly, members of the order of Burkholderiales were shown to 

exhibit marked decrease in symptomatic samples, which could suggest a potential role in 

plant stability and baseline functioning. It is known that members of this order are involved 

in plant protection from unwanted pathogens by competing with the pathogenic bacteria for 

the same resources, by producing pathogen-specific antimicrobial compounds, and by 

stimulating the host plant immune responses (Fuller et al., 2023). 

The “Others” category, representing low-abundance (<0.5%) genera, was slightly higher in 

non-symptomatic samples. From this result, it could be implied that decline symptoms may 

be associated with the absence of certain species which may be beneficial at low abundance. 

Alpha diversity analysis also shows visible decrease in taxon richness in the symptomatic 

samples for the prokaryotic dataset (Table 1). This outcome is generally consistent with 

dysbiosis patterns often observed in disturbed or diseased systems, which may involve 

reduced diversity and community restructuring. 

In the eukaryotic dataset, 99% of the sequences belonged to the host phyla (Streptophyta) 

which was removed prior to further analysis. From the fungal phyla, Ascomycota and 
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Basidiomycota were the dominant groups in both the non-symptomatic and symptomatic 

samples. This result is also supported by previous studies, which show these two phyla as 

the dominant fungal taxa in pine species, especially enriched in samples from diseased pines, 

such as those affected by pine wilt disease (Vicente et al., 2021). Both phyla are known to 

consist of members of different relationship types, such as saprophytes, opportunists, and 

decomposers, and a shift in their abundance and composition is generally expected under 

disease conditions. Being ectomycorrhizal fungi, Basidiomycota and Ascomycota help pine 

species grow in nutrient-poor and challenging soil environments (Kuo et al., 2014). 

Oomycota, Mucoromycota, Ciliophora are three taxonomic groups which appear to increase 

in symptomatic samples, implying possible association with disease promotion. 

Apicomplexa are exclusively found in the symptomatic condition, suggesting potential 

disease-associated activity. Although Apicomplexa are primarily known as obligate 

parasites of animals, their presence in plant-associated datasets may reflect indirect 

ecological interactions, such as changes in microfaunal communities or the accumulation of 

environmental DNA in stressed tissues.  

Adineta (~60%) and Rotaria (~19%) dominated in both symptomatic and non-symptomatic 

samples (Figure 6D), indicating a strong and stable representation of rotifer-associated 

lineages across conditions. 

The most notable shifts included a substantial increase in Brugia in symptomatic samples 

and a marked decrease in Armillaria. The increase of Brugia, which is a roundworm genus 

primarily associated with animal parasitism (Evans et al., 2024), may reflect indirect 

ecological effects, such as changes in host-associated microfaunal communities or the 

presence of environmental DNA, rather than a direct interaction with the plant host. 

Malassezia also showed increased relative abundance in symptomatic samples, which may 

indicate a shift toward opportunistic or stress-associated fungal communities, as this genus 

is commonly linked to host-associated and lipid-rich environments. 

Several taxa were detected exclusively in symptomatic samples, although some occurred at 

low relative abundances (<0.5%) and were not visually prominent in the plots. These 
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included Obtectomera (a higher-level insect clade), Stylonychia (ciliate protozoa), members 

of Sordariomycetes (fungal class), and Apicomplexa, indicating the presence of condition-

specific low-abundance eukaryotic lineages. The detection of these taxa likely reflects 

broader changes in the microeukaryotic community structure associated with symptomatic 

conditions, rather than direct pathogenic interactions with the host. 

Alpha diversity results also show a slight increase in Simpson and Shannon indices, although 

taxon richness remains unchanged (Table 1). This may suggest that opportunistic taxa arise 

in the eukaryotic dataset under symptomatic conditions, while beneficial organisms are 

reduced.  

The 16S rRNA amplicon analysis confirmed that tissue type represented the primary driver 

of bacterial community structure, while health status induced only subtle compositional 

shifts. Soil communities exhibited the highest diversity and the greatest taxonomic 

heterogeneity, consistent with their role as a reservoir of microbial diversity, whereas needle 

and trunk-associated communities were more constrained and dominated by a smaller set of 

bacterial classes. These results are in accordance with data from published literature, as trunk 

and needle compartments tend to be less suitable as habitats for microorganisms than the 

soil and roots, due to exposure to abiotic factors like sunlight, storms, drought, and wind (see 

section 2.4.1). 

Although symptomatic and non-symptomatic samples largely shared similar community 

profiles, minor but consistent shifts in relative abundance were observed, suggesting early-

stage microbial restructuring associated with tree decline rather than a complete community 

turnover. 

The reduction of Acidobacteriia in symptomatic tissues, particularly in needles and trunk 

samples, aligns with previous observations linking this phylum to stable, oligotrophic, and 

plant-beneficial environments. Their decrease may therefore reflect a loss of beneficial 

microbial support functions under declining tree health. 

Similarly, changes in Nitrospira abundance suggest potential alterations in nitrogen cycling 

processes within symptomatic trees, which may indicate a disruption of core nutrient 
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transformation pathways associated with microbial imbalance. The lack of change in other 

tissues supports the idea that their ecological role is primarily soil-associated. 

Differential abundance analysis also emphasises the increase of Chitinophagia and 

Armatimonadia, which may reflect a shift toward taxa involved in decomposition and 

utilization of complex organic matter (del Rio et al., 2010). This could be linked to increased 

availability of host-derived substrates, such as decaying tissue or stress-related exudates, 

particularly in trunk and soil environments. Such shifts may indicate a transition toward a 

more heterotrophy-driven microbial community under symptomatic conditions. 

When compared with the shotgun metagenomic dataset, the amplicon-based results support 

the overall observation that microbial community composition is more strongly structured 

by tissue type than by health status. Both approaches indicate relatively stable core bacterial 

communities, with disease-related changes manifesting as subtle shifts in specific taxa rather 

than large-scale compositional turnover. However, the amplicon dataset provides a more 

conservative view of bacterial diversity, whereas the shotgun approach revealed additional 

variation in less abundant and eukaryotic lineages, suggesting that microbial responses to 

tree decline may be more pronounced outside of the dominant bacterial fraction. 

The slight reduction in alpha diversity in symptomatic samples, particularly in needle-

associated communities, suggests a modest loss of microbial complexity under declining tree 

health. However, the overall stability of Simpson diversity indicates that dominant taxa 

remain largely unchanged, implying that disease-associated effects are currently subtle and 

may represent an early stage of microbiome destabilisation. 

The NDVI-based remote sensing analysis provides complementary ecosystem-scale 

evidence of vegetation decline within the study area. Across multiple datasets and temporal 

resolutions, a consistent reduction in vegetation greenness was observed around the year 

2021, indicating a period of reduced canopy vitality. This pattern was evident both in spatial 

anomaly maps and in temporal NDVI trajectories, where lower-than-average values were 

consistently detected during peak growing season. The spatial heterogeneity observed 

between compartments 98E and 98F further suggests that vegetation decline was not uniform 
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across the landscape, but rather spatially structured, with certain sections of the forest 

exhibiting more pronounced reductions in greenness. 

The temporal NDVI trends further support this observation, as the affected area exhibited a 

clear deviation from its long-term seasonal pattern, with a noticeable dip in vegetation 

condition during 2021. This anomaly was consistently detected across Sentinel-2, Sentinel-

3, and the TEMRE dataset, indicating that the observed decline is robust and not dependent 

on a single data source. In addition, historical satellite imagery confirms structural changes 

in canopy cover between 2020 and 2022, suggesting that the NDVI decline is associated 

with visible changes in forest structure, potentially including canopy thinning or tree removal 

in affected areas. 

When compared with the microbial datasets, the NDVI-derived vegetation decline aligns 

temporally with the observed shifts in microbial community composition. Although 

microbial changes were generally subtle and dominated by tissue type effects, the presence 

of consistent compositional shifts in both bacterial and eukaryotic communities suggests that 

microbial restructuring may be associated with broader ecosystem-level stress signals. In 

particular, the slight reduction in microbial diversity and the changes observed in key 

bacterial taxa coincide with the period of reduced vegetation vigour identified in 2021, 

suggesting a potential link between host condition and associated microbiome dynamics. 

However, it is important to note that the observed microbial changes do not indicate a drastic 

community collapse, but rather a gradual shift in relative abundance patterns. This suggests 

that the microbiome may respond to host decline in a buffered or delayed manner, potentially 

reflecting early-stage ecosystem destabilisation rather than advanced disease progression. 

Taken together, the NDVI and microbiome analyses provide complementary perspectives 

on forest health at different scales. While remote sensing captures structural and 

physiological changes in vegetation at the ecosystem level, microbial sequencing reveals 

more fine-scale shifts in host-associated communities. The agreement between these datasets 

in identifying a period of reduced vegetation condition around 2021 supports the 

interpretation that the study area experienced a measurable stress event during this period. 

At the same time, the relatively modest microbial shifts suggest that the associated 
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microbiome is still largely stable, indicating that the system may be in an intermediate stage 

of disturbance rather than full ecological collapse. 

Despite the insights provided by this study, several limitations should be acknowledged. 

Firstly, the microbial datasets were based on aggregated samples without biological 

replication for each condition, which limits the ability to perform statistical testing and 

restricts interpretation to descriptive patterns. Secondly, the use of DNA-based sequencing 

does not distinguish between active and inactive microorganisms, meaning that some 

detected taxa may not be functionally relevant within the studied environment. In addition, 

while the integration of remote sensing data provides valuable ecosystem-scale context, it 

does not allow direct identification of the specific drivers underlying the observed vegetation 

decline. Therefore, the relationships identified between microbial composition and 

vegetation condition should be interpreted as associations rather than causal links. 

Future studies should aim to incorporate biological replication and higher temporal 

resolution sampling to better capture the dynamics of microbial community change during 

tree decline. The inclusion of functional approaches, such as metatranscriptomics or 

metabolomics, would provide deeper insight into the active roles of microbial taxa and their 

contribution to host health. Furthermore, integrating environmental variables such as soil 

chemistry, moisture, and climate data could help disentangle the abiotic factors driving both 

vegetation decline and microbiome shifts. Long-term monitoring combining remote sensing 

and microbial analysis would be particularly valuable for understanding the progression 

from early-stage stress to advanced ecosystem disturbance. 

This study demonstrates that Scots pine decline is associated with measurable but relatively 

subtle shifts in both microbial community composition and vegetation condition. While 

remote sensing data clearly indicate a period of reduced canopy vitality around 2021, 

microbial communities appear to respond more gradually, maintaining a largely stable core 

structure with only minor compositional changes. This suggests that microbiome alteration 

may represent an early or intermediate stage of ecosystem response to stress, rather than a 

direct or immediate driver of decline. The combined use of high-resolution sequencing and 

remote sensing approaches provides a more comprehensive understanding of forest health, 
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highlighting the importance of integrating multiple scales of analysis when investigating 

complex ecological processes. 
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6. Conclusions 

This study aimed to explore whether tree decline in Scots pine observed near Sopron is 

reflected in associated microbial communities and whether these changes correspond to 

broader patterns in vegetation condition. The results indicate that, while measurable 

differences between symptomatic and non-symptomatic trees are present, these differences 

remain relatively subtle and do not suggest a major disruption of the microbiome. 

A key outcome of this work is that microbial community structure appears to be largely 

maintained even under declining host conditions, with variation driven more strongly by 

tissue type than by health status. This suggests that, at the stage captured in this study, tree 

decline is not accompanied by a complete loss of microbial stability, but rather by gradual 

and selective shifts within an otherwise resilient system. 

At the same time, the remote sensing analysis provides clear evidence that the study area 

experienced a period of reduced vegetation condition, particularly around 2021. The 

consistency of this signal across multiple datasets indicates that the observed decline is not 

an isolated observation, but part of a broader ecosystem-level change. When considered 

together, these findings suggest that microbial responses may lag behind, or respond more 

gradually to, changes in host condition that are already detectable at the canopy level. 

From a practical perspective, this highlights the value of combining different approaches 

when assessing forest health. Remote sensing allows for the detection of large-scale changes 

in vegetation condition, while microbiome analysis provides insight into underlying 

biological processes that are not directly visible. The integration of these methods may 

therefore improve early detection and monitoring strategies, particularly in systems where 

decline develops progressively rather than abruptly. 

However, the study also has several limitations that need to be considered. The lack of 

biological replication and the descriptive nature of the analysis limit the strength of the 

conclusions that can be drawn. In addition, the focus on a single study area means that the 

results may not be directly transferable to other forest systems or environmental conditions. 
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Future work should aim to expand both the spatial and temporal scope of sampling, include 

replicated datasets, and incorporate functional analyses to better understand the ecological 

roles of the detected microbial taxa. Further research is also needed to clarify whether the 

observed microbial shifts are a cause, consequence, or simply a correlate of tree decline. 

To conclude, the findings of this study suggest that forest decline may be characterised by 

gradual, multi-scale changes rather than abrupt transitions. While vegetation-level signals of 

stress can be clearly detected, associated microbial communities appear to respond in a more 

buffered and incremental manner, reflecting the complexity of plant-microbe-environment 

interactions. 
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7. Summary 

This thesis examined the relationship between microbial community composition and tree 

health in Scots pine, with a focus on trees showing symptoms of decline. Non-symptomatic 

and symptomatic trees were compared using both shotgun metagenomic and 16S rRNA 

amplicon sequencing approaches. In addition, remote sensing data based on NDVI were used 

to assess vegetation condition within the study area over time. 

The results show that microbial community composition is primarily influenced by tissue 

type, with soil samples exhibiting the highest diversity, followed by needles and trunk 

tissues. Differences between symptomatic and non-symptomatic samples were present but 

generally small, indicating that microbial communities remain relatively stable even under 

declining tree health. A decrease in taxon richness was observed in symptomatic samples, 

suggesting a modest level of disturbance, while dominant taxa remained largely unchanged. 

Certain microbial groups showed consistent patterns, such as a reduction in Acidobacteria-

related taxa in symptomatic samples, which may indicate the loss of beneficial or stability-

associated microorganisms. At the same time, some opportunistic or low-abundance taxa 

appeared more frequently in symptomatic conditions, suggesting gradual community shifts 

rather than abrupt changes. 

The remote sensing analysis revealed a clear reduction in vegetation greenness around the 

year 2021, as indicated by decreased NDVI values across multiple datasets. This pattern was 

consistent across spatial and temporal analyses and was supported by historical satellite 

imagery, which showed visible changes in canopy condition. 

When considered together, the results suggest that tree decline in the study area is associated 

with both reduced vegetation vigour and subtle changes in microbial community structure. 

While the microbial shifts are not drastic, they may reflect early-stage responses to stress. 

The study highlights the value of combining microbiome analysis with remote sensing 

approaches to assess forest health at different scales. However, further research is needed to 
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better understand the functional implications of these microbial changes and to establish 

stronger links between microbial composition and tree condition.  
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