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Abstract

As ecological, agricultural, and biological disciplines face mounting challenges like biodi-
versity loss, food chain disruption, and climate change, leveraging machine learning (ML)
to process complex and heterogeneous data becomes increasingly vital. This dissertation
explores the potential of ML in combination with explainability approaches for enhancing
research in life sciences, specifically focusing on ecology. The research aims to advance
ML applications in ecosystem monitoring, ecological modelling, and predictive analytics,
emphasising the necessity for explainable artificial intelligence (xAI) to balance predictive
performance with model transparency.

The dissertation underscores the potential for xAI and interpretable ML models. While
advanced ML models excel in handling non-linear relationships and complex systems, their
’black box’ nature often limits their scientific utility. This work advocates for the integra-
tion of xAI methods to elucidate the inner workings of these models, thereby enhancing
their applicability and acceptance in scientific research.

The contributions of the dissertation include:

• Modelling diarrhetic shellfish poisoning events: An xAI approach predicting the tox-
icity of mussels due to harmful algal blooms in the Adriatic Sea. Utilising a 28-year
dataset, the study highlights the importance of data pre-processing and demonstrated
that Random Forest models, coupled with explainability methods, provide critical
insights into marine ecosystem dynamics and can serve as cost-effective early warning
systems.

• Unsupervised ML in Agriculture: Cluster analysis was applied to identify barriers
and incentives for the use of decision support systems (DSS) in integrated pest man-
agement. The study revealed distinct groups among farmers and advisors, identifying
common barriers and incentives, which can inform future research to enhance DSS
adoption.

• Phytoplankton Identification and Quantification: A computer vision system that au-
tomates the identification, size estimation, and biovolume calculation of phytoplank-
ton species. Using transfer learning, the system processes samples more efficiently
than manual methods, providing a more accurate assessment of marine ecosystems.
Visual explanations are applied for greater thrustworthiness and confidence of the
ML-based solution.

• BEFANA Software: An open-source software tool that facilitates network analysis
and ML applications in ecological networks. It enables ecologists interactive visuali-
sation and to quantify network topologies, test hypotheses, and embed experimental
data, thereby enriching the analysis and modelling of ecosystem dynamics.

The dissertation contributes to improving ML methodologies in life sciences research.
The principles of open, reproducible science are upheld through open access to software
code, data, and publications associated with this research.
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Povzetek

Ekološke, kmetijske in biološke discipline se soočajo z vse večjimi izzivi, kot so izguba
biotske raznovrstnosti, motnje v prehranjevalnih verigah in podnebne spremembe, zato
postaja uporaba strojnega učenja za obdelavo kompleksnih in heterogenih podatkov vse
bolj pomembna. Disertacija raziskuje potencial strojnega učenja v kombinaciji z razla-
galnimi pristopi za izboljšanje raziskav v znanostih o življenju, s posebnim poudarkom
na ekologiji. Raziskava si prizadeva doprinesti k uporabi strojnega učenja na področju
spremljanja ekosistemov, ekološkega modeliranja in napovednih analiz, pri čemer poudarja
potrebo po razložljivi umetni inteligenci, da se bolje uravnoteži napovedno zmogljivost z
razložljivostjo modela.

Disertacija poudarja potencial razložljivih modelov strojnega učenja. Čeprav napredni
modeli strojnega učenja lahko zajamejo nelinearne odnose in kompleksne sisteme, je njihova
uporabnost v znanosti omejena zaradi njihove slabše razložljivosti. Delo zagovarja uporabo
metod razložljive umetne inteligence za pojasnitev notranjega delovanja teh modelov in s
tem povečuje njihovo uporabnost in sprejemljivost v znanstvenih raziskavah.

Prispevki disertacije vključujejo:

• Modeliranje pojavnosti toksičnosti školjk: Pristop razložljive umetne inteligence za
napovedovanje toksičnosti školjk zaradi škodljivega cvetenja alg v Jadranskem morju.
Z uporabo 28-letnega nabora podatkov študija poudarja pomembnost predobdelave
podatkov in dokazuje, da modeli naključnega gozda v kombinaciji z metodami ra-
zložljivosti zagotavljajo ključne vpoglede v dinamiko morskih ekosistemov in lahko
služijo kot stroškovno učinkovit opozorilni sistem.

• Nenadzorovano strojno učenje v kmetijstvu: Uporaba gručenja za identifikacijo ovir
in spodbud za uporabo sistemov za podporo odločanja pri integriranem varstvu ra-
stlin. Študija je odkrila različne skupine med kmeti in svetovalci, pri čemer so bile
identificirane skupne ovire in spodbude, ki lahko usmerjajo prihodnje raziskave za
izboljšanje uporabe sistemov za podporo odločanja.

• Identifikacija in kvantifikacija fitoplanktona: Sistem računalniškega vida za avtoma-
tizirano identifikacijo, oceno velikosti in izračun biovolumna vrst fitoplanktona. Z
uporabo učenja s prenosom znanja sistem obdeluje vzorce učinkoviteje kot ročne me-
tode, kar omogoča natančnejšo analizo morskih ekosistemov. Vizualne razlage so
uporabljene za izboljšanje zaupanja in zanesljivosti rešitev strojnega učenja.

• Programska oprema BEFANA: Odprtokodno orodje za analizo omrežij in uporabe
strojnega učenja v ekoloških omrežjih. Ekologom omogoča interaktivno vizualizacijo,
kvantifikacijo topologij omrežij, preizkušanje hipotez in vključevanje eksperimental-
nih podatkov, kar obogati analizo in modeliranje dinamike ekosistemov.

Disertacija prispeva k izboljšanju uporabe metod strojnega učenja v raziskavah v zna-
nostih o življenju. Načela odprte in ponovljive znanosti so upoštevana z odprtim dostopom
do programske kode, podatkov in publikacij, povezanih s to raziskavo.
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Chapter 1

Introduction

This chapter presents the background of the relevant topics, the motivation and goals of the
dissertation. It presents the goals and research hypotheses, and provides a brief overview of
the scientific contributions, which are presented in more detail in the subsequent chapters.
Finally, the structure of the dissertation is outlined.

1.1 Background

Machine learning (ML), a branch of artificial intelligence (AI), offers versatile and powerful
tools for analysing data and predictive modelling. Mitchel (1997) provides a concise defini-
tion of the discipline: “A computer program is said to learn from experience E with respect
to some class of tasks T and performance measure P, if its performance at tasks in T, as
measured by P, improves with experience E”. ML aims to automatically extract informa-
tion (knowledge) from data (E) and discover regularities that enable the construction of a
general and accurate model that can make predictions for unseen data (Cios et al., 2007).
The main use case of ML is dealing with prediction problems, the mapping of inputs to
outputs. This involves discerning patterns in the data in order to model complex predictive
relationships based on statistical inference from the data (Hastie et al., 2009).

ML follows different learning paradigms such as supervised learning, unsupervised
learning and reinforcement learning. In the scientific field, ML is used for prediction prob-
lems, understanding the mechanisms underlying these predictions and handling complex
transformations of input data (Raghu & Schmidt, 2020). The surge of high-dimensional
data in science often requires dimensionality reduction and pattern recognition. Unsuper-
vised learning algorithms handle this effectively before the data is used in downstream
supervised learning tasks (Pichler & Hartig, 2023).

Over the last decade, the development of deep learning (DL), a subset of ML models
based on artificial neural networks (ANN), has enabled significant progress in numerous
ML tasks (Lecun et al., 2015). The emergence of DL is attributed to the co-evolution of
computational resources, ML algorithms and data availability. DL has revolutionised areas
from speech recognition to image classification and natural language processing (Raghu &
Schmidt, 2020) and many of these fundamental tasks have the potential for investigating
scientific questions.

1.2 Machine Learning in Life Sciences

In recent years, ML, AI and DL have revolutionised almost all areas of science (Jordan &
Mitchell, 2015). This work takes a closer look at life sciences, a branch of natural sciences
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that deals with the study of biological systems – from microorganisms, plants, animals to
humans – and in which ML methods are increasingly used. The main reasons for this are
the exponential increase in the amount of data thanks to advanced sensors and the greater
capacity of ML algorithms to cope with the volume and complexity of biological data (Heil
et al., 2021).

The life sciences are characterised by an era of vast amounts of data of varied modalities,
including numerical, textual, image, sound, video and graph structured data. An important
category of data generated in life science research is molecular data, which is expressed
in the form of nucleotides, amino acids, DNA, RNA, peptides and proteins and requires
efficient processing (Cios et al., 2007). ML methods have the unique ability to manage large
amounts of heterogeneous data, even in unstructured form. They also excel in examining
biological systems without imposing unrealistic assumptions. They are able to infer missing
data and can reduce the long-term effort for annotation by experts (Thessen, 2016).

ML has found numerous applications in the sub-disciplines of the life sciences and pro-
moted important scientific discoveries. ML and AI offer novel solutions with the potential
to impact health, agriculture, pharmaceutics and more, contributing to many of the Sus-
tainable Development Goals (United Nations, 2015). Some of the most impactful examples
include food security, clean water, climate action, sustainable use of terrestrial ecosystems,
combating desertification and reversing land degradation and biodiversity loss (Holzinger
et al., 2023).

This work focuses largely on specific ML applications in ecology – an important sub-
discipline of life sciences that studies organisms in their environmental context and is
essential for addressing the above challenges. In ecological research, recent advances in
observational technology have facilitated the collection of large-scale, multi-source data
(Guo et al., 2020). However, rapid and large-scale interpretation of such data for ecological
insights remains a challenge (Tuia et al., 2022). Therefore, the application of ML methods
is crucial for the advancement of ecological research.

By bridging the gap between the vast amounts of available data and the need for ex-
tracting actionable insights, ML has proven instrumental in ecosystem monitoring and
ecological modelling (Christin et al., 2019; Kwok, 2019). Comprehensive research, under-
standing of ecological resources and predicting ecosystem evolution facilitated by ML are
essential for the sustainable development of human society (Guo et al., 2020).

Advances in ML methodology are accelerating different phases of traditional ecological
research, from targeted data collection to semi-automated population surveys. These devel-
opments enable more comprehensive studies of animal abundances, diversity and behaviour
(Tuia et al., 2022). In some cases, ML can significantly accelerate ecological research and
also reduce analysis costs with reduction factors estimated at 2 to 10 (Eikelboom et al.,
2019).

The benefits of big data and ML are increasingly recognised in ecological research and
awareness of ML methods among domain experts is growing (Christin et al., 2019; Farley
et al., 2018; Peters et al., 2014; Tuia et al., 2022; Weinstein, 2018). ML methods are
frequently used in ecology for the identification of species from images, videos and sounds
(Mac Aodha et al., 2018; Tabak et al., 2020; Wäldchen & Mäder, 2018) and the modelling
of species distribution (Debeljak & Džeroski, 2011; Dzeroski & Todorovski, 2007; Elith
et al., 2006; Gobeyn et al., 2019).

Graph theory is also a useful approach for answering ecological questions related to
the structure of an ecological network (Dale, 2017). ML on graphs has also been ap-
plied in ecology for important problems such as filling missing links in ecological networks
(Desjardins-Proulx et al., 2017). Techniques such as graph neural networks (GNN), which
work directly on the nodes and their edges, are used for tasks such as classifying nodes or
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edges and link prediction.
While ML’s ability to predict patterns is obvious, it holds even greater potential for

ecological inference by promoting understanding of the processes underlying these patterns
(Lucas, 2020). However, its use for causal inference is still controversial, as the focus of ML
is on prediction rather than model interpretability (as will be shown later). It is expected
that these methods will become an indispensable tool in ecology and evolution, comparable
to other traditional statistical tools (Pichler & Hartig, 2023).

1.2.1 Challenges Relating to Data

In contrast to some other subfields of life sciences where data is abundant, one of the biggest
challenges in applying modern ML algorithms in ecology is the scarcity of large datasets
needed for model training. In ecology, small datasets are not uncommon as observations
can be difficult or costly to obtain. Newer ML techniques such as few-shot learning (Wang
et al., 2020) and transfer learning can significantly reduce the amount of data required,
making them particularly advantageous for ecologists (Pichler & Hartig, 2023). However,
these techniques are primarily suitable for image processing-based tasks and deep learning,
not for classic structured data (Pichler & Hartig, 2023).

The nature of climate-relevant data presents unique challenges and opportunities. The
data may be proprietary, contain sensitive personal information or come from heteroge-
neous sources, which requires integration using domain knowledge (Rolnick et al., 2022).
In addition, combining these datasets can be complicated due to variations in ecological
patterns across scales (Maglianesi et al., 2014; Poisot et al., 2015; Strydom et al., 2021).
Existing datasets may not be organised with a specific task in mind, unlike typical ML
benchmarks that have a clear objective (Rolnick et al., 2022).

Ecological data can also exhibit low signal-to-noise ratio, missing values and imbalanced
classes (for classification tasks), which can make applications of ML more difficult, as
evidenced by the published research presented below.

1.2.2 Prediction Performance vs. Understanding

DL algorithms have indeed demonstrated exceptional capabilities in dealing with image-
based tasks and complex, unstructured data. Nevertheless, classical ML algorithms such
as Random Forest (RF) and Boosted Regression Trees (BRT) still outperform them in
the field of structured data (Pichler & Hartig, 2023). It seems that current reviews and
discussions on ML applications in the sciences are overly focused on DL (Borowiec et al.,
2022; Christin et al., 2019), which is due to the exaggerated enthusiasm in the tech industry
that can tempt researchers in the life sciences to miss the opportunity and not consider
"simpler" ML models. This bias has the potential to overshadow the benefits of other ML
algorithms that may themselves offer unique advantages.

The rising popularity of DL requires a conscientious approach to scientific practise,
leading us to question whether DL actually offers the most appropriate tools for solving a
particular scientific problem. In the life sciences, the ultimate goal of ML revolves around
understanding – deciphering the mechanisms of the biological system that generate the
underlying data. However, this endeavour can be hindered when dealing with deep ANNs,
which are "black boxes" due to their inherent complexity. Such models prevent us from
understanding what the model has actually learnt.

There is a widespread misconception in the scientific community that there is a trade-
off between accuracy and interpretability and that more complex models inevitably lead
to higher accuracy. This leads to the assumption that complex ’black box’ models are
mandatory to achieve better predictive performance. Contrary to this assumption, simpler
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models often perform better, especially when the data is well structured and can be ex-
pressed in terms of naturally meaningful features (Rudin, 2019). Moreover, there is little
evidence that DL outperforms classical ML algorithms on supervised learning tasks with
limited structured (tabular) data. In reality, the additional flexibility of DL algorithms
only bears fruit when the available data is both sufficiently large and complex (Pichler
et al., 2020).

Given these observations, it is important to carefully consider whether the use of DL is
actually necessary or even beneficial for a particular task. Simpler models can offer better
interpretability, superior statistical power and lower computational costs, thus reducing
the environmental footprint (Schwartz et al., 2020). This is particularly important in the
context of certain life science sub-disciplines such as ecology, where the scarcity of data
can make the use of large ANNs inappropriate.

When dealing with data consisting of a clear set of features structured in tabular form,
simpler ML models such as decision trees (DT), Random Forest (RF) (Breiman, 2001),
Support Vector Machines (SVM) (Cortes & Vapnik, 1995) or shallow Multilayer Percep-
trons (MLP) and Neural Networks (Ripley, 2007) may outperform their more complex
counterparts.

Certain tasks, such as automatic species identification, indeed benefit from the use of
DL algorithms as they can better process spatial patterns (Ferreira et al., 2020; Lecun
et al., 2015; Tabak et al., 2020). Nevertheless, traditional ML algorithms tend to deal
more effectively with a smaller number of observations or structured (tabular) data (Arik
& Pfister, 2021; Pichler et al., 2020).

It is therefore not surprising that, although the use of ML and DL methods in ecology
and evolution research has increased considerably in recent years, classical ML methods are
still predominant in practical applications (Pichler & Hartig, 2023), and it is projected that
these classical methods will continue to hold significant importance in the future given the
nature of the tasks in ecology and evolution (Pichler & Hartig, 2023)(Pichler and Hartig,
2023). One important reason for this is certainly their explanatory power.

1.3 Explainability: A Prerequisite for Scientific Inference

In this section we discuss topics related to explainability in ML. We mention some of the
approaches and techniques and argue why they are relevant for applications of ML in the
life sciences. First, however, we need to clarify some terms related to explainability that
are used in this dissertation.

1.3.1 Explainability vs. Interpretability

There is no real consensus on what interpreatability or explainability is in ML (Molnar,
2022). Some authors speak of the unresolved interpretability problem, which arises from
the fact that interpretability is a very subjective concept and therefore difficult to formalise
(Rüping, 2006). The necessity of interpretability arises from the incompleteness of the
problem formalisation (Doshi-Velez & Kim, 2017). Carvalho et al., 2019 explain that for
certain problems it is not sufficient to obtain the prediction (the what). As they go on to
explain, the model must also "explain how it arrived at the prediction (the why), because
a correct prediction only partially solves the original problem" (Carvalho et al., 2019).

In this dissertation we use the two terms explainable and interpretable interchangeably,
as is often the case (Molnar, 2022), which is not surprising considering that to interpret
means to explain the meaning of something (Masís, 2023). Miller (2019) defines inter-
pretability as the degree to which a human can understand the cause of a decision. Ex-
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plainable or interpretable ML is then a "method and models that make the behaviour and
predictions of ML systems understandable to humans" (Molnar, 2022).

Some authors, such as Masís (2023), try to distinguish between the two terms and
define them as follows:

Interpretability is the extent to which humans, including non-subject-matter experts,
can understand the cause and effect, and input and output, of a machine learning model.

Explainability encompasses everything interpretability is. The difference is that it
goes deeper on the transparency requirement than interpretability because it demands human-
friendly explanations for a model’s inner workings and the model training process, and not
just model inference.

We tend to use explainable ML to capture the broader meaning of explainability. Sci-
entific and real-world applications of ML solutions, which are the focus of this dissertation,
require transparency and trustworthiness for stakeholders, which goes beyond understand-
ing the predictions of the model and thus beyond mere interpretability. Another reason is
the alignment with the now well-established AI sub-discipline called explainable artificial
intelligence (xAI), which we discuss in more detail below.

1.3.2 xAI Goals and Explainability Methods

xAI is concerned with research and practises that focus on the development of AI systems
that are transparent and understandable through the application of explainability methods.
We use the term xAI in a similar way to explainable ML, as both have similar goals, while
the first term is broader.

As can be observed the motivations of xAI for a better understanding or explanation
of ML systems are manifold. Arrieta et al. (2020) has produced an extensive literature
review of papers on xAI, which showed that there is not much consensus on what ML
explainability should compel. However, the review synthesised the most common goals of
xAI: trustworthiness, causality, transferability, informativeness, confidence, fairness, acces-
sibility, interactivity, and privacy awareness. As will be shown below, many of these goals
are also of high priority in the application of ML in the life sciences.

xAI is primarily seen as an approach that addresses the black box nature of ML models
by helping to understand how they make predictions (Ribeiro et al., 2016; Ryo et al., 2021).
This is done using methods that provide insights about the input features’ importance and
an understanding of the global behaviour of the model, turning black box models into
more translucent ones (Lucas, 2020). However, caution is required when interpreting the
relationships inferred by ML, as optimising ML algorithms for predictive performance
does not guarantee a correct understanding of the causal dependencies between the input
features and the response (Pichler & Hartig, 2023). On the other hand, xAI can also be
seen as an approach that encourages the use of less complex – interpretable – ML models
when possible.

When discussing xAI approaches, it is therefore necessary to further distinguish between
intrinsic and post hoc explainability methods. Intrinsic methods achieve explainability
by limiting the complexity of the ML model by using ML models that are considered
directly interpretable by humans due to their simple structure (e.g. DT, linear or logistic
regression). In contrast, post hoc methods analyse the model by applying explainability
methods after model training (e.g. permutation feature importance) (Carvalho et al.,
2019; Molnar, 2022), making the behaviour and predictions of complex ML systems more
understandable to humans. There are many different types of post-hoc explainability
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techniques, which can be categorised into the following types depending on the author’s
intention, the method used and the type of the data: text explanations, visual explanations,
local explanations, explanations by example, explanations by simplification and feature
relevance explanation techniques (Arrieta et al., 2020). See Figure 1.1 for an overview of
the post-hoc explainability techniques presented by the same authors.

Figure 1.1: Conceptual diagram showing the different post-hoc explainability approaches
available for a ML model (Arrieta et al., 2020).

Another useful division of xAI (Raghu & Schmidt, 2020) divides the broad suite of xAI
techniques into two classes: The first is feature attribution, which provides insights about
the importance of the input features. It can be used to provide feature importance for a
single input and prediction. Examples of this are the feature ablation and perturbation
methods, such as the best known SHAP based on the notion of Shapley value (Shapley,
2020) and LIME (Ribeiro et al., 2016). The second are model inspection and representa-
tion analysis, which explain the global behaviour of the model to understand the salient
properties of the data, such as with probing and activating hidden neurons in an ANN,
examples being network dissection (Bau et al., 2017), feature visualisation (Olah et al.,
2017) and dimensionality reduction on NN hidden representations such as PCA, t-SNE
(Van der Maaten & Hinton, 2008), UMAP (McInnes et al., 2018).

In this dissertation, intrinsically interpretable models and post-hoc explainability meth-
ods as well as feature attribution and model inspection techniques are applied in the context
of life sciences. Among the explainability techniques in Figure 1.1, visualisation, feature
relevance and model simplification are the most prominent. Further details can be found
in the published scientific contributions below.

1.3.3 Explainable Machine Learning and Life Sciences

As shown in Section 1.2, ML offers compelling benefits for the life sciences, but ML models
often prove difficult to interpret. This can lead to problems with trustworthiness, as
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potential biases can be obscured (Heil et al., 2021). In addition, the non-parametric nature
of ML models implies complexity that, while good for capturing non-linear relationships,
comes at the price of a higher number of parameters that often lack uncertainty estimates
(Domingos, 2012). With the increasing use of ML in the life sciences, the importance of
transparency in the areas affected by this scientific discipline, such as health, environment
and food, is further increased. Predictions and research in the life sciences often carry
significant weight for policy, decision-making and public health. Therefore, it is essential to
carefully consider predictions for decision making, as they can have profound implications
for the issues studied and trust between modellers, policy makers and other stakeholders
(Lucas, 2020). Given these requirements and challenges, some researchers even recommend
using interpretable models over explainable black boxes, especially for high- stakes decisions
(Rudin, 2019). As Molnar (2022) points out, the easiest way to achieve interpretability is
to only use algorithms that create interpretable models.

Nevertheless, with the popularity of powerful but opaque ML models such as RF and
ANN in life sciences, xAI is becoming an indispensable approach in many subfields of
life sciences such as ecology and evolution (Pichler & Hartig, 2023). Even when non-
interpretable ML models are used to model complex non-linear problems, which are preva-
lent in fields such as ecology, stakeholders need to understand the model’s decisions in
order to trust it, which has led to a greater societal demand for xAI and trustworthy AI.
When using ML to model harmful algal blooms (HABs) and their impact on aquaculture
(e.g. (Brown et al., 2022; Karlson et al., 2021; McKenzie et al., 2021)), – which is one of
the contributions of this dissertation – trust in ML-based early warning systems (EWS)
is of paramount importance (Marzidovsek et al., 2024). If an AI system cannot provide
a clear explanation for its decision-making process, this can diminish people’s trust in
the accuracy and reliability of outputs (Holzinger et al., 2023) on which human health
depends. Besides requirements, the dissertation also identified causality, informativeness,
accessibility and interactivity as important drivers for xAI approaches in the life sciences.

1.4 Motivation

The growing complexity of ecological data, coupled with the sophisticated nature of state-
of-the-art ML methods, requires a collaborative approach between the ML and ecology
communities (Tuia et al., 2022). High-level ML libraries have streamlined the ML pipeline
(Caret, 2018; Pedregosa et al., 2012; Phillips & Dudík, 2008; Thuiller et al., 2016) and
made it more accessible (Lucas, 2020). However, the integration of ecological domain
knowledge into ML methods is essential to develop accurate models that are not only tools
for prediction but also for understanding natural phenomena (Pichler & Hartig, 2023).
This also applies to other sub-disciplines of the life sciences.

This work therefore sets out to collaborate with ecologists, marine and terrestrial bi-
ologists as well as experts from agricultural science to overcome some of the challenges
and advance the use of ML in the selected sub-disciplines of life sciences. Some of the
challenges identified in the selected area are the heterogeneous data types, complex data
aggregation, missing values, class imbalances and other data preprocessing related issues.
However, the most important aspect for the use of ML methods in life sciences is the need
for greater transparency and a better understanding of the inner workings of the learnt
models on the one hand and satisfactory predictive performance on the other.

As shown above, ML can accelerate and improve the quality of life sciences research,
with important implications for society and its transition to more sustainable patterns of
living. Insights into the dynamics of modelled ecosystems are critical to our food security
and our understanding of the underlying factors associated with global challenges such as
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food chain disruption, biodiversity loss and climate change. The aim of the dissertation
is to advance the use of ML, network science and xAI methods in selected sub-disciplines
of life sciences to promote research that can provide answers and solutions to address the
escalating impacts of climate change and human-induced stressors on biodiversity that can
lead to ecosystem collapse.

1.5 Goals and Hypotheses

The goals of the dissertation correspond to the results of the published work and are as
follows:

• G1: Develop models for direct prediction of the impact of harmful algal blooms
(HABs) on shellfish aquaculture in the Slovenian coast. Interpretable models are used
and xAI methods applied on the opaque models to increase the trustworthiness so
that they can be used in real-world EWS for mussel contamination. In addition, the
application of xAI methods can lead to a better understanding of marine ecosystem
dynamics due to environmental and climatic pressures.

• G2: Design the necessary data pre-processing steps and integrate them into the ML
pipelines to achieve better results when training on challenging real-world ecologi-
cal data from different sources. This will help ecologists apply the pre-processing
methods required for state-of-the-art computational modelling with heterogeneous,
imbalanced, limited and noisy data common in the ecological domain.

• G3: Identify the barriers and incentives to the use of decision support systems (DSS)
for integrated pest management (IPM), which is crucial for mitigating the nega-
tive impacts of agriculture on natural ecosystems and biodiversity. The problem is
addressed using unsupervised ML and post-hoc explainability methods such as di-
mensionality reduction and clustering, visualisation explanations and explanations
by simplification.

• G4: Create a state-of-the-art computer vision system for object detection and in-
stance segmentation to automate the analysis of changes in phytoplankton commu-
nity structures over time. Visual explanations are applied for greater thrustworthi-
ness and confidence in the reliability of the ML based solution.

• G5: Develop extensible and easy-to-use software tool for network analysis and ML on
graphs with explainability features that can help ecologists to better understand the
topology and dynamics of ecological networks. This is pursued with various network
analysis metrics, interactive network visualisation and representation learning on
graphs. The aim is to make network analysis and state-of-the-art ML algorithms more
accessible to ecologists. The tool was developed in collaboration with ecologists and
evaluated through a case study that assesses the biodiversity-ecosystem functioning
on a soil food web of one agricultural grassland.

The hypotheses investigated in this dissertation are:

• H1: The benefits of employing simpler and interpretable ML models for ecological
modelling of HAB impacts on shellfish may outweigh potential limitations in predic-
tive performance.

• H2: Top-performing, sophisticated ML algorithms are suitable for ecological mod-
elling of HAB impacts on shellfish when coupled with explainability methods.
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• H3: Unsupervised ML and explainability methods can reveal user attitudes towards
utilising DSS in IPM.

• H4: Effective computer vision models for marine biology research can be developed
via transfer learning on limited training data, and their trustworthiness increased
with explainability methods.

• H5: Specially developed software integrating accessible network analysis, ML, and
explainability methods can enhance understanding and knowledge discovery from
ecological networks.

1.6 Methodology

The methodology of the dissertation consists of a literature review, defining gaps and set-
ting research goals, data selection and preprocessing, network analysis, algorithm selection,
training ML models, performance evaluation and comparison, model explanation, and eval-
uation of results by domain experts. The specific methods are described in the individual
chapters of the dissertation sections, where the published work is presented.

1.7 Contributions

The dissertation presents the developed ML approaches and research work from marine
biology, ecology and agricultural science, in which domain experts were involved through-
out. The work demonstrates the application of supervised and unsupervised ML methods
using tabular, time-series, graph structured and image data. Central considerations are
the development and application of techniques that enable (1) effective ML on smaller,
noisy and imbalanced datasets, as well as (2) better explainability and trustworthiness of
ML models, both of which are critical for applications in the life sciences.

In addition, a need for visualisation and analysis of ecological networks and more ac-
cessible ML methods has been identified in the field of ecology. This gap has been filled
by the development of a software tool focusing on the analytical requirements of ecological
research.

The scientific contributions of the dissertation addresses pertinent problems of ML
applications in life sciences, such as the need for customised and accessible network anal-
ysis, ML and xAI methods that provide more transparency and understanding of models.
The scientific relevance is demonstrated through four publications in international peer-
reviewed journals with impact factors and a publication in the proceedings of an inter-
national scientific conference. More detailed information about the underlying work and
publications can be found below:

1. Marzidovšek, M., Francé, J., Podpečan, V., Vadnjal, S., Dolenc, J., & Mozetič, P.
(2024). Explainable machine learning for predicting diarrhetic shellfish poisoning events
in the Adriatic Sea using long-term monitoring data. Harmful Algae, 102728.

Training and evaluation of unique models capable of direct prediction of toxicity in
shellfish aquaculture. Due to xAI methods, the models provide the necessary transparency
so that the models, otherwise percieved as black box models, can be applied in real-
world scenarios for early warning systems. The applied xAI methods also provide a better
understanding of the dynamics of the marine ecosystem due to environmental and climatic
pressures. Aggregation of a new dataset from the North Adriatic region spanning almost
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three decades and combining biological, chemical and environmental data has also been
gathered.

This work and the publication contribute to the the dissertation goals G1 and G2.

2. Marinko, J., Ivanovska, A., Marzidovšek, M., Ramsden, M., & Debeljak, M. (2023).
Incentives and barriers to adoption of decision support systems in integrated pest manage-
ment among farmers and farm advisors in Europe. International Journal of Pest Manage-
ment, 1-18.

Application of unsupervised learning methods and post-hoc explainability methods
such as clustering, dimensionality reduction, visualisation explanations and explanations
by simplification to promote IPM. To our knowledge, no one has yet attempted to apply
unsupervised ML methods such as dimensionality reduction and clustering to such data to
identify the barriers and incentives for using DSS for IPM, which is critical for mitigating
the negative impacts of agriculture on natural ecosystems and biodiversity.

This work and the publication contribute to the dissertation goal G3.

3. Marzidovšek, M., Mozetič, P., Francé, J., & Podpečan, V. (2024). Computer Vision
Techniques for Morphological Analysis and Identification of Two Pseudo-nitzschia Species.
Water, 16(15), 2160.

Computer vision method to identify and quantify phytoplankton species, estimate cell
size and calculate biovolume based on cell morphology. The approach involves transfer
learning, where a generic pre-trained model for instance segmentation is fine-tuned with
microscope images. Compared to manual analysis, this method processes more samples
and provides a more ecologically relevant assessment with high confidence due to the visual
explanations.

This work and the publication contribute to the dissertation goal G4.

4. Marzidovšek, M., Podpečan, V., Conti, E., Debeljak, M., & Mulder, C. (2022).
BEFANA: A tool for biodiversity-ecosystem functioning assessment by network analysis.
Ecological Modelling, 471, 110065.

It is a tool with unique analytical methods that was developed in collaboration with
ecology experts and evaluated through application in a case study. It fills the gap as dedi-
cated tools for ecological research that provide various network analysis metrics, interactive
network visualisation and representation learning on graphs are not sufficiently accessible.

This work and the publication contribute to the dissertation goals G2 and G5.

1.8 Organisation of the Dissertation

The rest of the dissertation is organised as follows: Chapter 1 provides the necessary
background on ML applications in the life sciences. It provides the general motivation as
well as the goals and the five hypotheses that are investigated in this dissertation. The
chapter concludes with a list of all contributions and publications in which the research
results have been published.

The contributions to the dissertation are described in detail in chapters 2 to 5. Chapters
2 to 4 each contain a paper published in an international journal in which the contributions
were originally presented, as well as an introduction describing the methodology used and



1.8. Organisation of the Dissertation 11

the hypotheses addressed. Chapter 2 presents explainable ML for the prediction of shellfish
toxicity. Chapter 3 presents unsupervised ML in the field of IPM. Chapter 4 presents the
analysis of phytoplankton community structure using computer vision. Chapter 5 presents
BEFANA: A tool for network analysis and ML on graphs in ecology. Finally, Chapter 6
concludes the dissertation and gives an overview of all contributions.
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Chapter 2

Explainable Machine Learning in
Marine Ecology

This chapter presents the first contributions to the dissertation that relate to the appli-
cation of ML in ecology, especially in marine biology, through the analysis of long-term
structured data.

Explainable ML techniques were applied to predict the toxicity of mussels in the Gulf
of Trieste (Adriatic Sea) caused by harmful algal blooms (HABs). By analysing a newly
created 28-year dataset containing records of toxic phytoplankton in mussel farming areas
and toxin concentrations in mussels, we trained and evaluated the performance of ML
models to accurately predict diarrhetic shellfish poisoning (DSP) events. xAI methods are
applied with the aim of gaining insights into the model’s decisions.

The development of the ML approach comprised the following main steps and meth-
ods. First, data from different sources were aggregated and matched to create a new
consolidated dataset spanning almost three decades and combining biological, chemical
and environmental data. After feature selection missing data were removed. The remain-
ing missing data were interpolated using values within a specific time frame. This was
followed by a descriptive analysis, dimensionality reduction and visualisation in 2D. The
dataset was cleaned by removing samples close to the decision boundary using EditedNear-
estNeighbours, which was implemented in scikit-learn. Then the dataset was split into a
training and a test set (70:30).

This was followed by the learning-oriented steps. The models were trained and evalu-
ated for the direct prediction of shellfish toxicity. The following ML algorithms were used:
SVM, decision tree, random forest, MLP. 5-fold cross-validation, hyperparameter optimi-
sation with GridSearch was used to select the best models based on F1 score to balance the
performance of both on recall and precision. Upsampling (SMOTE) and downsampling
(RandomUnderSampler) have been integrated into the GridSearch pipeline to address the
significant class imbalance.

Third, the evaluation and analysis steps followed. The best performing models (F1-
score) from GridSearch were validated on the hold-out test set and the performance was
measured with recall, precision and the F1-score. Finally, all algorithms were compared
based on the performance metrics. The entire training and evaluation was repeated 100
times and the results were averaged to obtain more stable performance.

Finally, the decision tree model was visualised for better interpretability and the best
performing black box models, random forest explained using post-hoc explainability meth-
ods permutation importance and SHAP. This provided model inspection of the global
model behaviour while feature attribution based on SHAP explained the individual pre-
dictions of the models.
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The implementation of the ML approach consisted of the following technologies and
tools: Python within JupyterLab, the latest interface of the Jupyter project (Kluyver et al.,
2016), the scikit-learn machine learning library (Pedregosa et al., 2012), pandas (McKinney
et al., 2010) and for visualisations seaborn (Waskom, 2021) and Matplotlib (Hunter, 2007).

The results show the following. Firstly, ML models, especially RF, can satisfactorily
predict DSP toxicity in mussels from Slovenian mussel farms. Secondly, both RF explain-
ability methods and DT visualisations show that Dinophysis fortii and Dinophysis caudata,
together with abiotic factors influencing salinity of coastal waters, have the greatest in-
fluence on the predictions. Thirdly, the right data pre-processing steps are crucial for
overcoming the specific challenges of consolidated datasets from different sources and de-
termine the training and performance of the model. Fourth, the insights about the model’s
behaviour gained through explainability methods make ML approaches suitable for EWS
due to the increased trustworthiness. Such ML-based EWS can be a cost-effective means
of implementing timely and appropriate mitigation measures in the aquaculture industry,
such as trade bans, while improving management strategies to minimise health risks and
social and economic damage.

This work directly addresses the following hypotheses defined in the introduction:

H1: The benefits of employing simpler and interpretable ML models for ecological
modelling of HAB impacts on shellfish may outweigh potential limitations in predictive
performance.

H2: Top-performing, sophisticated ML algorithms are suitable for ecological modelling
of HAB impacts on shellfish when coupled with explainability methods.

Hypotheses H1 and H2 are fully confirmed by the results presented in this chapter.
The research work is presented in the following publication and is listed below:

Marzidovšek, M., Francé, J., Podpečan, V., Vadnjal, S., Dolenc, J., & Mozetič, P.
(2024). Explainable machine learning for predicting diarrhetic shellfish poisoning events
in the Adriatic Sea using long-term monitoring data. Harmful Algae, 102728.

Martin Marzidovšek contributed to this paper as follows: conceptualisation, data col-
lection, methodology, software, formal analysis, writing the original draft, revising and
editing, visualisation.
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A B S T R A C T

In this study, explainable machine learning techniques are applied to predict the toxicity of mussels in the Gulf of 
Trieste (Adriatic Sea) caused by harmful algal blooms. By analysing a newly created 28-year dataset containing 
records of toxic phytoplankton in mussel farming areas and diarrhetic shellfish toxins in mussels (Mytilus gal
loprovincialis), we train and evaluate the performance of machine learning (ML) models to accurately predict 
diarrhetic shellfish poisoning (DSP) events. Based on the F1 score, the random forest model provided the best 
prediction of toxicity results at which the harvesting of mussels is stopped according to EU regulations. 
Explainability methods such as permutation importance and Shapley Additive Explanations (SHAP) identified 
key species (Dinophysis fortii and D. caudata) and environmental factors (salinity, river discharge and precipi
tation) as the best predictors of DSP toxins above regulatory limits. These findings are important for improving 
early warning systems, which until now were based solely on empirically defined alert abundances of DSP 
species. They provide experts, aquaculture practitioners, and authorities with additional information to make 
informed risk management decisions.

1. Introduction

Over the last 30 years, shellfish aquaculture has grown steadily and 
accounted for 25% of global marine and coastal aquaculture production 
in 2020, which is crucial for food security (FAO-IOC-IAEA 2023). 
However, for certain species such as mussels, production in the Euro
pean Union has declined due to challenges such as low profitability, 
limited progress in farming, and environmental threats such as harmful 
algal blooms (HABs), diseases, predators, unfavourable weather condi
tions and pollution (Avdelas et al., 2021). These global challenges are 
exacerbated by climate change, which call for an update of existing 
common practices and guidelines for their detection and appropriate 
management.

The term HABs refers to either non-toxic microalgae that reach high 
biomass and cause water discoloration, anoxia and mucilage formation 
that negatively impact the environment and human activities, or toxic 
species that threaten the safety of seafood and marine life (reviewed in 
Sagarminaga et al. 2023). The toxin-producing species that can cause 

food poisoning with neurological or gastrointestinal symptoms in 
humans are responsible for about 48% of the documented global HAB 
events recorded in the Harmful Algal Event Database (HAEDAT; https 
://haedat.iode.org/). In these events, toxins accumulate in wild and 
cultured shellfish and fish, severely impacting food safety and security 
(Hallegraeff et al. 2021).

In the Mediterranean region, around three-quarters of recorded toxic 
events involve diarrhetic shellfish poisoning (DSP) caused by di
noflagellates like Dinophysis, Phalacroma and Prorocentrum (Zingone 
et al. 2021). Paralytic shellfish poisoning (PSP), which is attributed to 
dinoflagellate species of the genus Alexandrium and Gymnodinium cate
natum, and amnesic shellfish poisoning (ASP), which is attributed to 
several toxin-producing diatom species of the genus Pseudo-nitzschia, 
make up the rest of the toxic events (Zingone et al. 2021). Also in the 
Adriatic Sea, DSP toxins of the okadaic acid group together with other 
lipophilic toxins such as yessotoxins and pectenotoxins, are most 
frequently detected in shellfish and exceed legal limits (Accoroni et al. 
2024; Nincevic Gladan et al. 2011), while ASP and PSP toxins represent 
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only a low risk for the time being (Ciminiello et al. 2005; Ujević et al. 
2012).

In our area of interest, the Gulf of Trieste (northern Adriatic), farmed 
Mediterranean mussels (Mytilus galloprovincialis) are the main source of 
potential human poisoning. The monitoring programme for toxins in 
mussels and toxic phytoplankton in seawater has been ongoing since 
1994. Patterns suggest a higher risk of exceeding regulatory limits from 
September to November consistent with the presence of DSP-producing 
dinoflagellates (Henigman et al. 2024). The predominant 
DSP-producing species, Dinophysis caudata, D. fortii, D. sacculus, D. tripos, 
and Phalacroma rotundatum, show a typical pattern of occurrence that 
has not changed significantly over the last 20 years and corresponds well 
with environmental characteristics such as a thermohaline stratified 
water column and higher temperatures (France and Mozetic 2006; 
Henigman et al. 2024). Despite robust monitoring systems aligned with 
EU regulations, complete protection against contaminated seafood 
cannot be guaranteed. The harvesting of mussels is suspended only when 
toxicity limits are exceeded, leading to periods of uncertainty due to the 
time required for analyses. In some cases, even changes in toxic plankton 
levels can result in precautionary closures until toxicity results are 
available. Furthermore, the usual pattern of toxic species, which is 
determined by the prevailing oceanographic and hydrological condi
tions, and the associated occurrence of toxins can also be disrupted by 
the unpredictable temporal variability of HABs, as has been observed in 
the Adriatic Sea and may be related to extreme weather events such as 
floods and droughts (Zingone et al. 2021). These situations illustrate 
that untimely or incorrect measures, such as overly strict precautionary 
closures in the event of negative toxicity results, can pose risks to human 
health or cause undue economic damage to shellfish farmers.

Given the negative economic impact, solutions are urgently needed 
to help the shellfish industry anticipate and adapt to HAB events that 
may lead to contamination and to support authorities in managing and 
mitigating risks such as the closure of shellfish production areas.

A recent comprehensive overview of early warning systems (EWS) 
for HABs (FAO-IOC-IAEA, 2023), pointed out that there is no single 
approach. The choice of observational technologies depends on the 
target organisms, types of HABs, and regions with specific environ
mental conditions as well as data resolution. For toxic pelagic HABs, 
where the causative organisms are present in low abundance—such as 
the case of Dinophysis species in the Adriatic Sea—various statistical and 
rule-based modelling, along with more complex machine learning and 
deep learning algorithms, demonstrate promising results in predicting 
toxicity in shellfish (Grasso et al. 2019).

Access to vast amounts of physico-chemical and biological data from 
multiple sources due to technological advances in meteorology and 
oceanography has led to the increasing use of machine learning (ML) 
techniques to predict HABs (e.g. Guallar et al. 2016; Derot, Yajima, and 
Jacquet 2020; Y. Park et al. 2021). ML can handle large and heteroge
neous datasets and are powerful enough to model highly dynamic and 
nonlinear natural systems, making them suitable for accurately repro
ducing phytoplankton dynamics (Shimoda and Arhonditsis 2016), even 
when the data are noisy and the underlying relationships are not fully 
understood (Muttil and Chau 2006). However, a recent review of ML 
forecasting tools (Cruz et al. 2021) found that, in contrast to forecasting 
HAB species occurrence, very little has been done to foresee the toxicity 
of mussels (Bouquet et al. 2022; Grasso et al. 2019). This more difficult 
task is addressed in our study.

One limitation of ML techniques is that they often do not provide 
insights into the causal mechanisms of HABs (Recknagel, Orr, and Cao 
2014). Simpler ML algorithms such as decision trees (DT) and linear 
regression are easier to interpret but cannot provide the required pre
dictive power. Cruz et al. (2021) found that model complexity has 
increased in recent years, at the expense of explainability. However, 
when modelling scenarios that involve risks to human health and 
ecosystem disruption, as is the case with HABs, it is crucial not only to 
assess the reliability of predictions, but also to understand the drivers 

behind the model’s decisions. For these reasons, this study focuses on 
the training of interpretable ML models and the application of explain
ability methods that can provide insights into the behaviour of the 
model. It thus fits into the paradigm of explainable artificial intelligence 
(XAI), which has recently gained prominence as it promises to mitigate 
the drawbacks of so-called “black-box” models.

Our study represents one of the first attempts to test the performance 
of ML models for the short-term prediction of DSP toxicity of mussels in 
the Mediterranean Sea, where DSP events are the major concern for 
seafood safety. A nearly 30-year dataset of phytoplankton species and 
toxin concentrations in bivalves was created along with key environ
mental data to train ML models, and both the dataset and the full code 
are openly available to stimulate further research (https://github.com/ 
MartinMarzi/HABTox-predictor). The obtained ML models were also 
evaluated and interpreted based on real, long-term monitoring data.

The objectives of the study were: (1) to develop data preprocessing 
pipelines suitable for the specific requirements of the dataset; (2) to train 
selected ML models for direct prediction of DSP toxicity events and 
evaluate their potential for use in EWS; (3) to explain the obtained ML 
models and their predictions for improved model trustworthiness.

2. Material and methods

2.1. Site description

The Slovenian Sea is situated in the southeastern region of the Gulf of 
Trieste (GoT), marking the shallowest (average depth around 20 m) and 
northernmost part of the Adriatic Sea. The physical, chemical and bio
logical characteristics of this semi-enclosed gulf (600 km2 in area) are 
influenced by local meteorological and hydrodynamic conditions. The 
latter are in turn determined by inflows from rivers, winds, tides and 
water exchange with the Adriatic Sea (Falcieri et al. 2016). In the surface 
layer, the currents are mainly driven by the wind, while in deeper layers 
the circulation pattern is predominantly cyclonic (Stravisi 1983). The 
residual currents are about 1–3 cm s–1, but total currents of >30 cm s–1 
can occur in the upper layer (Mosetti and Purga 1990).

The Soča River, which flows into the Gulf on the shallower northern 
coast with an average flow of 123 m3 s–1, represents the largest fresh
water input and the main source of land-based nutrients (Comici and 
Bussani 2007), while the rivers along the Slovenian coast discharge 
<10% of the freshwater into the Gulf and provide an even smaller 
nutrient contribution (Cozzi et al. 2012). During most of the year, the 
Soča River plume often spreads over a large area of the Gulf (Malačič 
and Petelin, 2001), resulting in a residence time of up to 23 days 
(Cantoni et al. 2003). Increased freshwater inflow in spring together 
with atmospheric warming leads to the formation of a pycnocline, which 
intensifies in summer, while the water column is mixed in winter 
(Malačič 1991). This dynamic interplay of physical and chemical 
properties is reflected in the seasonal and interannual variability of the 
phytoplankton community (Mozetič et al. 2012). The increasing 
warming of seawater, alternating droughts and floods, combined with 
human activities in the watershed, have led to an imbalance of nutrients 
in coastal waters and a general decline in phytoplankton biomass not 
only in GoT but throughout the northern Adriatic (Brush et al. 2020).

Moreover, the Slovenian coastal sea faces substantial anthropogenic 
pressures. The area is highly urbanised, experiencing intensive land- 
based and nautical tourism, hosting an international cargo port, and 
witnessing an expanding aquaculture industry. In particular, mussel 
farming is practised in three protected bays on the Slovenian coast - 
Debeli rtič, Strunjan and Seča (Fig. 1) with annual mussel production up 
to 700 tonnes.e Surveillance of the seafood safety began in the late 1980s 
on an irregular basis, while the official monitoring programmes for toxic 

e Statistical Office of the Republic of Slovenia: https://www.stat.si/statw 
eb/en.
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phytoplankton and toxicity in bivalve molluscs were introduced in 1994.

2.2. Data acquisition

The data, which covers the period from 1994 to 2021 comes from 
different monitoring programmes carried out by different institutions 
and with different sampling frequencies. The subsequent creation of a 
consolidated dataset for ML analysis required careful matching of all 
types of data to retain the largest possible number of instances (see 
section 2.3).

Toxic phytoplankton and DSP toxins. The seawater samples for the 
phytoplankton analysis and the mussels were collected at the three 
sampling stations 0035, 0024 and 0DB2 (depth of 12 to 18 m), each 
located in a mussel farming area (Fig. 1). For phytoplankton, the sam
pling period within the year, frequency and sampling method (Niskin 
bottles at discrete depths, vertical haul with plankton net) varied until 
2008, while the program followed a consistent scheme thereafter 
(complete annual survey, weekly to monthly frequency depending on 
the season, integrated water sample with a PVC hose). These differences 
were taken into account when preparing the data for the ML models. The 
identification and enumeration (cells l− 1) of the HAB species was per
formed under the inverted microscope according to the method of 
Utermöhl (1958). Since we applied ML models to predict DSP events, 
which are the main problem in the area, we narrowed the selection of 
data to the five most abundant and recurrent DSP-producing species 
(Dinophysis caudata, D. fortii, D. sacculus, D. tripos, Phalacroma rotunda
tum), together with the abundance of all DSP-producing species found in 
seawater samples (Dinophysis spp., Phalacroma spp. and Prorocentrum 
lima).

A similar approach was used for toxins in mussels. Initially, the 

sampling program varied considerably from year to year and was often 
adapted to the results of the phytoplankton analyses, with less regular 
and frequent sampling in winter during the first decades of observation. 
From 2011, the scheme became uniform and, as with phytoplankton, 
covered the whole year, with more frequent sampling in the months of 
higher toxicity risk (Apr-Nov). Until 2014, the standard mouse bioassay 
method (Yasumoto, Oshima, and Yamaguchi 1978)) was used in 
accordance with Directive 91/492/CEE (Council of the European 
Communities 1991) for the determination of DSP toxins, i.e. okadaic 
acid and its derivatives, the dinophysistoxins, which are extracted 
together with other lipophilic toxins such as yessotoxins, pectenotoxins 
and azaspiracids. Acetone shellfish extract was evaporated to dryness 
and residues dissolved in 1% Tween 60. This solution was injected 
intraperitoneally into three mice (Albino Swiss, 18 g-22 g body weight) 
and the survival time was monitored 24 h. The sample was positive if 
two or all three mice died. The mouse bioassay, having various disad
vantages, including ethical concerns, and low sensitivity and specificity 
with only two possible test results - positive or negative, was in 2014 
replaced by the more sensitive and specific method of liquid 
chromatography-mass spectrometry (LC-MS/MS). Comparison study 
between mouse bioassay and chemical methods show good correlation 
of results (Prassopoulou et al. 2009). The LC-MS/MS method allows 
chromatographic separation of the individual groups of lipophilic toxins 
(for details see (Henigman et al. 2024)). In Slovenia, harvesting of 
bivalve molluscs is banned if the regulatory limit of 176 µg kg− 1 for DSP 
toxins (160 µg OA equivalents kg− 1 according to Regulation (EC) No 
853/2004 (European Council 2004) plus measurement uncertainty of 
the national reference laboratory) is exceeded. All toxin analyses were 
performed by the National reference laboratory.

Physical and chemical properties of seawater. In addition to the two 

Fig. 1. Map of the GoT (Adriatic Sea) and location of the three mussel farming sites with the respective sampling stations on the Slovenian coast: Debeli rtič (0DB2), 
Strunjan (0024) and Seča (0035). Physical and chemical parameters of seawater were collected at sampling stations 000 K, 000F and 00MA as part of ecological 
monitoring in accordance with the Water Framework Directive 2000/60/EC. The airplane symbol marks the location of the Portorož airport meteorological station.
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datasets described above, seawater temperature and salinity were also 
taken into account as they describe the site-specific environmental 
conditions. Monthly sea surface temperature (SST) and salinity data 
were obtained from the same sampling stations as for toxic phyto
plankton (0DB2, 0024, 0035) or, in case of missing data, from the 
nearest sampling stations (marked with black diamonds in Fig. 1) 
included in the ecological monitoring according to the Water Frame
work Directive (WFD) 2000/60/EC. The mussel farming stations and the 
WFD stations had a similar depth range and were between 0.7 NM and 
2.3 NM apart. Temperature and salinity were measured with a fine CTD 
probe (Sea & Sun Technology GmbH).

Meteorological and hydrological data. Meteorological observations 
such as daily average air temperature and wind speed, daily solar irra
diance and daily precipitation at the main coastal meteorological station 
(Portorož Airport) were obtained from the Slovenian Environment 
Agency,f which also provided the daily averaged flow rates of the main 
freshwater source, the Soča River.

2.3. Data preprocessing

The performance of an ML model depends largely on the quantity 
and quality of the data used to train it. The right choice of input variables 
affects the predictive performance of the model, as does an imbalance 
between classes (Menardi and Torelli 2014), which can lead to biassed 
learning because the model learns to predict the majority class better. 
Our goal was to collect all relevant input variables from the different 
data sources (e.g. Cruz et al. 2021; Patrício et al. 2022), while obtaining 
a sufficient amount of data for ML training after preprocessing the 
missing values. We applied extensive data matching, aggregation and 
interpolation methods to obtain a consolidated dataset with 14 inde
pendent variables and DSP toxicity as the target variable, which were 
then used for training (Table 1).

The abundances of five phytoplankton species and the aggregated 
variable DSP-tot – the sum of the abundances of all DSP-producing 
species – were included. As sampling techniques changed during the 
monitoring program, transformation and validation were performed. 
First, the abundances from the net samples were multiplied by 100 to 
obtain the same order of magnitude as with other sampling techniques. 
Then we tested the differences between the relative frequency distri
butions of species abundances obtained with different sampling tech
niques with the Kolmogorov-Smirnov test. The test results showed that 
distributions of the five most abundant DSP species do not statistically 
significantly differ (p > 0.05) except for D. fortii between Niskin and 
hose samples where the distributions were slightly different (p = 0.05).

When multiple samples were from the same day and location but 
from different depths, the samples with the highest abundance of DSP- 
tot were selected.

The toxicity results also had to be standardised to take account of the 
different methods. In accordance with the legal threshold for DSP toxins 
(176 µg kg− 1), the concentrations of the chemical analyses (2014–2021) 
were mapped to binary positive or negative test results to match the 
results of the bioassays (1994–2013). The total number of toxicity tests 
received (binary target variable) was 1132, of which 996 (88%) were 
negative and 136 (12%) were positive.

Because the phytoplankton and toxicity datasets had different sam
pling frequencies and temporal resolutions, a matching toxicity test was 
assigned to a phytoplankton observation based on a time window, 
separately for the three sampling stations. A Python script selected the 
first possible toxin result based on the timestamp of a given phyto
plankton observation, but only if it was within a time window of 30 days 
after the phytoplankton observation. This maximum acceptable time 
window was chosen because the frequency of sampling for toxic 
phytoplankton was at least once per month. Analysis showed that the 

average time window in the obtained consolidated dataset was 6 days 
and 75% of all examples had a time window of less than or equal to 9 
days.

Before we could proceed with the aggregation of SST and salinity, the 
problem of missing data had to be solved. When SST and salinity data 
were not available from mussel farming stations, the closest possible 
values within a time window of 30 days prior the phytoplankton 
observation were taken from the nearest WFD monitoring stations. For 
the meteorological data, daily solar radiation, precipitation, air tem
perature and wind speed were added by averaging or summing 
(depending on the nature of the variable) for a time window of 20 days 
prior to the phytoplankton observation. Finally, the daily flow of the 
Soča River, being the good proxy for freshwater nutrient inputs in the 
GoT (Cozzi and Giani 2011) was summed over a period of 30 days prior 
to the phytoplankton observation. This time window was longer than 
that of the meteorological data, as the residence time of the Soča River is 
longer than 20 days, especially in periods of calm weather (Cantoni et al. 
2003), while that of nutrients is even longer (Cozzi et al. 2012).

The dates in the consolidated dataset were converted to months to 
allow the model to better capture the annual cyclical patterns of 
phytoplankton growth. Through these steps, the consolidated dataset 
retained all 1452 instances from phytoplankton monitoring and, 
importantly, all toxicity results (1132). In a further preprocessing step, 
instances with missing values (44 in total) were removed, as some ML 
algorithms cannot process data with missing values.

We used Uniform Manifold Approximation and Projection (UMAP) 
(McInnes, Healy, and Melville 2018) for dimensionality reduction, 
which allowed to visualise the data in two dimensions to gain insight 
into how the data are partitioned with respect to the target variable. This 
method projected the consolidated dataset into a lower-dimensional 
feature space, attempting to preserve as much variance or structure as 
possible. The positive and negative examples were quite mixed 
throughout the data space (Fig. 2, left), making it more difficult for a 
model to learn a clear decision boundary between the data. Since the 
dataset was heavily imbalanced in favour of the negative class, we used 
the Edited Nearest Neighbours from the imbalanced-learn Python 
toolbox (Lemaître, Nogueira, and Aridas 2017) to remove instances from 
this class whenever they were close to instances with positive class 
values. This removed 211 conflicting examples with negative test results 
(Fig. 2, right). Our investigation confirmed that the removal of those 
examples improved the performance of ML algorithms.

The resulting dataset comprised a total of 877 instances (target class 
distribution: 745 negative, 132 positive). The dataset was then 
randomly split into a training and a test dataset, with a 70/30 split and 
stratified sampling to maintain the proportion of negative/positive ex
amples in both datasets.

2.4. Training machine learning models

ML algorithms were used to train models for the prediction of DSP 
events in two binary classes - positive (1) or negative (0). One factor in 
the selection of ML algorithms and in determining the hyperparameters 
was the relatively small number of instances, especially of examples 
with positive DSP. In addition, the goal was to obtain ML models that 
could be directly explained and to use explainability methods for more 
opaque models. This influenced the selection of algorithms to tree-based 
algorithms such as decision tree (DT) and random forest (RF), support 
vector machines (SVM) and shallow artificial neural networks (ANN). 
These ML algorithms are widely used for ecological modelling and also 
for the prediction of HABs and DSP events (Grasso et al. 2019; Liu et al. 
2022; Kim et al. 2021).

DT is a simple, interpretable model that splits data into branches to 
make predictions based on feature values. It is particularly useful in 
scenarios where interpretability is crucial and the problem is not overly 
complex as it builds decision rules that can be easily understood by 
aquaculture operators and other stakeholders. RF is an ensemble f www.arso.gov.si
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learning method that combines multiple decision trees to improve pre
dictive accuracy and control overfitting. It is widely used in ecological 
modelling because it can capture more complex nonlinear relationships 
and provides some explainability with built-in methods (feature 
ranking). SVM is a supervised learning model that finds the optimal 
hyperplane to separate different classes in the feature space. It is 
particularly effective in dealing with high-dimensional data and com
plex relationships between variables when the data have a clear margin 
of separation. An ANN is a computational model inspired by the human 
brain, consisting of interconnected layers of neurons that learn to make 
predictions from data. In the last decade, ANNs have become popular, 
especially deep learning methods, as they can model very complex 
nonlinear phenomena with potentially high predictive performance. 
However, they require a large amount of training data, are prone to 
overfitting and are considered black boxes as the decisions of the models 
are opaque (Recknagel 1997). Due to the limited amount of training 
data, a shallow feedforward neural network, the multilayer perceptron 
(MLP), was used. This algorithm required further preprocessing of the 
data as it works better when the data is standardised, for which z-score 
normalisation was used. The month variable was also removed.

As the training set was significantly imbalanced, we addressed this 
issue by undersampling and data augmentation. As Kim et al. (2021)
have shown, synthetic data can improve the ML models’ detection of 
HABs. Our method integrates under- and oversampling into the 
modelling pipeline, which systematically explores and optimises 
hyperparameters with a grid search over a predefined range of values to 

determine the most effective settings for data augmentation and ML 
algorithms. Criteria for splits, class weight adjustments and structural 
parameters such as tree depth and layer complexity were taken into 
account. This careful process ensured robustness against overfitting, 
especially given the constraints imposed by the size of the dataset.

In the first step, the training data (validation data) was oversampled 
using the Synthetic Minority Over-sampling Technique (SMOTE) to in
crease the number of instances with positive toxicity. The next step in 
the pipeline was to undersample the majority class (negative toxicity) of 
the training data to further reduce the class imbalance. In the third step, 
the ML models were trained with stratified 5-fold cross-validation on the 
over- and undersampled training set with the optimised parameter 
values. Several model performance metrics were calculated: (1) Preci
sion: The ratio of true positive (TP) results to the total predicted posi
tives, which measures the accuracy of positive predictions; (2) Recall: 
The ratio of TP results to the total actual positives, which measures the 
model’s ability to capture all positive instances; (3) F1 Score: The har
monic mean of precision and recall, which provides a single metric that 
balances both concerns. Because this study had a significantly unbal
anced dataset (with more negative toxicity outcomes than positive) the 
F1 score was advantageous because it balances precision and recall, 
providing a more meaningful measure of the model’s performance on 
the minority class than accuracy alone. The optimal algorithm param
eter configuration was therefore determined based on the highest mean 
F1 score of the 5-fold cross-validation from each grid search 
combination.

Table 1 
Input variables for the training set with descriptive statistics over 28 years (1994 - 2021). DSP toxins were determined by mouse bioassay until 2013, while from 2014 
they were chemically quantified (LC-MS/MS method). Concentrations above or below the legal threshold for DSP toxins were converted into positive or negative test 
results.

Variable Description unit Min Max Mean Median

month ​ ​ ​ ​ ​ ​
DSP-tot ​ cells l− 1 0 7634 96 30
Dinophysis caudata ​ cells l− 1 0 1309 23 0
Dinophysis fortii ​ cells l− 1 0 4624 23 0
Dinophysis sacculus ​ cells l− 1 0 4639 26 0
Dinophysis tripos ​ cells l− 1 0 1139 4 0
Phalacroma rotundatum ​ cells l− 1 0 393 13 5
SST ​ ◦C 6.23 28.87 17.41 17.28
salinity ​ ​ 24.13 38.66 36.54 36.99
air temperature average air temperature in 20 days prior to phytoplankton sampling ◦C − 1 27 17 18
wind speed average wind speed in 20 days prior to phytoplankton sampling m s− 1 1 5 3 3
precipitation daily precipitation summed over 20 days prior to phytoplankton sampling mm 0 268 59 45
solar irradiance daily solar irradiance summed over 20 days prior to phytoplankton sampling h 27 278 164 168
river flow daily flow rate of the Soča River summed over 30 days prior to phytoplankton sampling m3 s− 1 594 16,040 3301 2580
DSP toxins positive or negative result of toxicity test ​ ​ ​ ​ ​

Fig. 2. UMAP projection of data in two dimensions before (left) and after (right) removing instances that are closely positioned in data space and have opposite class 
values. The data points labelled as "poz" are for positive toxicity examples and "neg" for negative toxicity examples.
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2.5. Evaluation of models

To assess the generalisability, the evaluation of the constructed ML 
models was performed on unseen examples and on data distributions 
they would encounter in real-world applications. Based on the perfor
mance of the obtained models, the highest-ranking model from grid 
search was then selected for each of the ML algorithms and subsequently 
evaluated on the test set that has been left out of the training pipeline. 
Finally, the training and evaluation on the test set was repeated 100 
times, and the results of the selected performance metrics (precision, 
recall, F1-score) were averaged to obtain a more statistically reliable 
estimate of each model’s performance. The most relevant metric for the 
task at hand was recall, as it indicates the proportion of predicted pos
itive class instances relative to all TP instances in the test set. However, 
to ensure that the classifier does not predict every instance as positive 
and thus make too many false positive (FP) predictions, we also needed 
to control precision. Therefore, the F1 score was used in the parameter 
optimisation as it balances both recall and precision. Finally, the aver
aged performances for all three performance metrics were compared for 
all four ML algorithms.

2.6. Explaining ML models

This study places the same emphasis on the predictive power as on 
the explainability of the model. By applying XAI principles, the aim is to 
better understand the inner workings of models by identifying the most 
informative relationships between the input variables and the predicted 
target variable. XAI calls for the use of interpretable ML models when
ever possible and the application of explainability techniques for opaque 
ML models: Shapley Additive Explanations (SHAP) (Lundberg and Lee 
2017), Local Interpretable Model-Agnostic Explanations (Lime) 
(Ribeiro, Singh, and Guestrin 2016), permutation importance, various 
feature ranking methods, and others.

The DT used in the study could be inspected directly by visualising 
the tree structure of the model. For the more complex models – RF, SVM 
and ANN – selected explainability methods were used to gain insights 
into their behaviour. The importance of the variables, i.e. the feature 
importance, was determined using two selected model-agnostic methods 
that can be applied to different model types. Permutation feature 
importance from the scikit-learn library was used to obtain a ranking of 
how strongly each of the variables influences the RF model. This 
permutation-based method of variable importance reflects the decrease 
in a model’s performance score when a single variable value is randomly 
shuffled (Breiman 2001). Shuffling removes the relationship between 
the independent and the target variable, leading to a decrease in model 
performance and thus showing how much the model depends on the 
particular variable.

The SHAP method was used to gain a better understanding of the 
contribution of the individual variables to the models’ output. For RF, 
the SHAP TreeExplainer, an algorithm specifically for tree ensemble 
methods, was applied. This method allows a general model interpreta
tion as it represents the behaviour of the model over the entire data set 
on which it was trained. In addition, it also allows us to inspect indi
vidual model’s predictions which were also implemented for this study, 
as they are relevant for real-world deployment.

2.7. Implementation

The data preprocessing, the statistical analysis, the parameter opti
misation and the model construction, evaluation and interpretation 
were carried out using the Python programming language. In the study, 
it was used in combination with JupyterLab, an interactive development 
environment for computational notebooks (i.e. Jupyter notebooks), and 
pandas (McKinney and Others 2010). ML algorithm implementations 
from scikit-learn (Pedregosa et al. 2011) and other specialised tools such 
as UMAP (McInnes, Healy, and Melville 2018), Imbalanced-learn 

(Lemaître, Nogueira, and Aridas 2017) and SHAP (Lundberg and Lee 
2017) were used. The complete code and data are available in an online 
repository (https://github.com/MartinMarzi/HABTox-predictor).

3. Results

3.1. Analysis of long-term phytoplankton and DSP toxins monitoring

The basic oceanographic features in the Slovenian part of the GoT 
display notable annual fluctuations in seawater temperature and 
salinity, as shown in Fig. 3. From 1994 to 2021, SST fluctuated between 
6.23 ◦C in February and 28.87 ◦C in July, while surface salinity fluctu
ated between 24.13 and 38.66 (Table 1), with the two extremes occur
ring in February. The lowest monthly salinities (shown as triangles in 
Fig. 3) were measured in the winter months (January-February) and in 
November, suggesting that less saline water is present in the surface 
layer during these periods. However, on average, the winter months had 
high salinity, while the late spring/summer months (May-July) and 
November had below average salinity. The highest temperature peaks 
for each month (also indicated by triangles in Fig. 3) were mostly 
observed in the last decade. The largest deviations from the average 
climatology were observed in spring/summer (May-July).

The annual distribution of DSP-tot (as 90th percentile), averaged 
over the 28-year time series, shows that the period from May to 
December is the most likely time for DSP toxicity events in the GoT 
(Fig. 4). Two peaks in abundance, reaching values of up to 7600 cells l− 1 

(Table 1), were observed in June/July and from September to 
November, corresponding to the distribution patterns of the five main 
species. The “blooms" of Dinophysis sacculus and D. caudata were typical 
of the early summer months, while D. fortii was responsible for the fall 
peak. During the rest of the year, the DSP-producing species were almost 
absent in seawater.

The DSP toxin analyses were intensified from May to November to 
follow the dynamics of the toxic species. Monthly testing varied greatly, 
ranging from about 20 tests in winter to about 170 tests in fall from 1994 
to 2021 (Fig. 5). The number of positive tests increased significantly in 
the months with increased sampling, especially in September and 
October, where absolute values peaked at 31 and 24 tests, accounting for 
23% and 18% of all positive tests, respectively. The incidence of DSP 

Fig. 3. Annual distribution of mean salinity and seawater temperature (SST) in 
the surface layer of Slovenian coastal waters, period 1994–2021. The grey band 
around the mean (line) is the 10–90 percentile. The triangles indicate the lowest 
salinity and the highest temperature for a given month measured at any point 
during the 28-year time series.
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poisoning was lowest from December to April (2% of all positive tests).

3.2. Training ML models and performance evaluation

Using the ML pipeline, SVM, DT, RF and ANN models were trained to 
predict DSP toxicity, with hyperparameters individually optimised using 
grid search based on the mean F1 score over 5 folds. Table 2 gives an 
overview of the best hyperparameters for each ML algorithm.

To obtain a reliable estimate of how the models would perform with 

similar data in the real world, the entire pipeline (model construction 
with hyperparameter optimization on the training set and evaluation on 
the test set) was run through 100 iterations and the results averaged. 
This was important due to the variability of results between runs and 
between folds (Fig. 6) and allowed for a more reliable algorithm com
parison using the three performance metrics of precision, recall, and F1 
score.

Table 3 shows the average performance of the models for each al
gorithm and performance metric over the 100 iterations. Results 

Fig. 4. Annual distribution of abundance (cells l− 1) of the five DSP-producing species and DSP-tot used as independent variables in ML models. The dots represent 
individual observations, the grey area the 90th percentile, while the red line represents the mean for the period 1994–2021. Note the different scaling of the y-axes.
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demonstrate that the ML models are able to predict DSP toxicity. RF had 
the highest and most stable prediction performance over the 100 itera
tions with an average precision of 0.74 (std ±0.09), recall of 0.59 (std 
±0.08) and F1 score of 0.65 (std ±0.07). The study found that among 
the selected ML algorithms for this particular type of data, RF is the most 
suitable model for the direct prediction of DSP toxicity in mussels. 
Interestingly, the less complex DT performed on average very similarly 
to the ANN, with both having an identical precision of 0.42 and F1 score 
of 0.43, while the ANN had a slightly higher recall of 0.48 (DT 0.47).

As indicated, the models were optimised for F1 score during 
parameter tuning, which resulted in slightly lower recall values during 
evaluation on the test set. Although maximising recall to predict the 
most positive toxicity cases by optimising for this metric might appear 
advantageous for real-world EWS, it would also generate many false 
positives. This is illustrated in the precision-recall curve for the RF 
model in Fig. 7, where precision sharply declines at recall values above 
approximately 0.6. Therefore, the study took a balanced approach to 
recall and precision when evaluating model performance.

3.3. Explaining machine learning models

An example of the constructed DT with optimised parameters from 
grid search (Table 2) and trained on all data (training and test data 
combined in order to take advantage of all available data) is presented in 
Fig. 8. In this example, the decisions of the model can be directly 
interpreted. This gives a good insight into how the model makes pre
dictions. At the first step the model splits the data according to the 
presence of D. fortii at abundances above 30 cells l− 1. If the abundance is 
higher the model predicts positive test results. With abundances equal or 
lower than 30 cells l− 1 the decision depends on the presence or absence 
of D. caudata. When D. caudata is present, the next decisive variable is 
salinity, which leads to positive toxicity results at values ≤ 36.17 while 
at higher salinity the prediction is always a negative toxicity result.

To investigate the behaviour of a typical RF model that performed 

best among the opaque models (F1 score), we applied two explainability 
methods. Fig. 9 shows the permutation importance, with the variables 
ordered from top to bottom. The length of each bar indicates how much 
the model performance decreases when the values of the respective 
variables are randomly shuffled. In the RF model presented, D. fortii is 
the variable with the greatest influence, followed by DSP-tot and Soča 
river flow.

Variables in the lower part of the diagram with negative values 
indicate that the predictions for the shuffled data were more accurate 
than the original data. However, with small data sets, as is the case here, 
such a result may occur more frequently due to chance. Therefore, these 
variables have little or no significance for the predictions of the RF 
model according to the permutation importance method.

Next, SHAP was used to explain the results of the RF model. In 
Fig. 10, the beeswarm plot summarises the overall distribution of 
Shapley values for each variable and example (point) in the test set. A 
positive Shapley value indicates that the presence of the variable in
creases the probability of the target class compared to the average 
prediction. Conversely, a negative Shapley value means that the feature 
lowers the prediction value. Larger absolute Shapley values indicate that 
the feature has a stronger effect on the prediction, while a Shapley value 
close to zero means that the feature has little to no effect. The beeswarm 
plot provides an overview of which variables are most important for the 
predictions of the RF model by ordering the variables according to the 
sum of the absolute Shapley values for each variable in the test set. The 
distribution of the variable values (colour scale in Fig. 10) along the axis 
of the Shapley value is important for interpreting the importance of the 
variables. D. fortii is ranked first on the beeswarm plot, which, together 
with the distribution of red dots on the positive side, indicates that 
higher abundance of this species influences the prediction of the RF 
model by increasing confidence in a positive toxicity result. Similar 
observations can be made for the next two most important variables, 
D. caudata and DSP-tot. In contrast, lower flow rates of the Soča river 
and higher salinity levels reduce RF confidence in a positive test result. A 
lower air temperature also appears to influence the model in such a way 
that the prediction probability for a positive toxicity result decreases. 
Other variables with Shapley values closer to zero have less influence on 
the model’s decision.

SHAP was also used to explain the model’s prediction for a selected 
example. In Fig. 11, the SHAP force plot illustrates how much each in
dependent variable is contributing to push the output from the base 
value (0.33) to the actual output produced by the RF model. Variables 
forcing the prediction higher are shown in red, while those forcing the 
prediction lower are in blue. As can be seen, RF correctly predicted this 
example as positive (predicted value = 1) with a confidence of 0.58.

The high abundance of DSP-tot (460 cells l− 1), to which D. fortii (330 
cells l− 1) and D. tripos (110 cells l− 1) contributed the most, and the long 
duration of solar radiation (187.5 h) have the highest relevance for the 
prediction result, forcing it to have higher confidence values. In contrast, 
the low flow rate of the Soča river (1174 m3 s− 1) and the high salinity 
(37.67) are the main variables that reduce the model’s confidence in a 
positive prediction.

Fig. 5. Monthly number of DSP toxicity tests separated into positive and 
negative results over the years 1994–2021.

Table 2 
The best hyperparameters of the ML algorithms determined using grid search.

SVM DT RF ANN

model C = 100 
Class_weight = None

Class_weight = None 
criterion=entropy 
max_depth=4

Class_weight=None 
criterion=gini 
N_estimators = 300

activation=relu 
max_iter=5000 
hidden_layer_sizes = 3 
batch_size=min(200, n_samples)

SMOTE k_neighbors=3 
sampling_strategy=0.4

k_neighbors=3 
sampling_strategy=0.3

k_neighbors=3 
sampling_strategy = 0.4

k_neighbors = 5 
sampling_strategy = 0.6

RandomUnderSampler sampling_strategy=0.6 sampling_strategy=0.6 sampling_strategy=0.5 sampling_strategy = 0.7
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4. Discussion

The complexity and non-linearity of the ecological dynamics 
responsible for DSP events results from a multitude of biological and 
environmental factors, as well as from the not well understood 
contamination/decontamination kinetics of mussels (García-Corona 
et al. 2022). Such an interplay of factors requires advanced predictive 
models (Cruz et al. 2021) and the right selection of variables (Yu et al. 
2021). In this study, several ML algorithms were used for modelling and 
the five most widely distributed DSP species in Adriatic coastal waters, 
which pose a significant risk of DSP toxin contamination in mussels, 
were included (Henigman et al. 2024; Ninčević Gladan et al. 2020). 
Dinophysis species are known to thrive in a stable water column strati
fication, which is often associated with increased seawater temperature 
and reduced surface salinity due to precipitation or freshwater 

discharges. In addition, local hydrodynamic features such as upwelling 
and downwelling cycles, tides and coastal advection influence Dinoph
ysis populations (Reguera et al. 2012). Therefore, variables such as 
seawater temperature, salinity, turbidity, chlorophyll-a, wind, air tem
perature and precipitation appeared to be relevant, and they have also 
been used in other studies to predict toxicity with ML, including DSP 
(Capoccioni et al. 2023), PSP (Harley et al. 2020), or both (Bouquet et al. 
2022). Although not investigated in our study, further physiological 
aspects of phytoplankton such as toxin production dependent on abiotic 
factors (e.g. temperature) or intrinsic factors (growth phase) together 
with bivalve physiology (e.g. bioaccumulation processes) could improve 
model performance.

The constructed dataset presented several challenges for training ML 
models. There was a significant class imbalance in the DSP toxicity 
variable, as events with high toxicity values occurred disproportionately 
less frequently than events with low values. Consequently, data 
augmentation techniques were incorporated into the model training 
pipeline to mitigate this. In addition, dimensionality reduction revealed 
that instances with positive and negative toxicity values were spread 
across the dataspace (Fig. 2), suggesting that some of the data sources 
were noisy (possible reasons include measurement and processing errors 
as well as changes in monitoring methods during the long time span). 
Since this causes the ML models to have difficulty in drawing a decision 
boundary, we removed instances belonging to the negative class 
whenever they were in close vicinity (in the data space) of instances 
belonging to the positive class. In this way, the most “conflicting” in
stances of the majority class were removed and the target classes were 
further balanced. Although this did not completely eliminate the un
derlying problem, this approach had a positive effect on the perfor
mance of the model.

Despite the challenges, model evaluation demonstrated the effec
tiveness of ML in predicting DSP toxicity in mussels, with RF algorithms 
outperforming other models due to their robustness and ability to handle 
complex interactions within the data (Table 3), which is consistent with 
findings on the effectiveness of ensemble methods on similar problems 
(Cruz et al. 2021; Harley et al. 2020). By aggregating the results of 
multiple decision trees, RF can mitigate overfitting and capture more 
nuanced patterns. Ensemble methods are also known for their variance 
reduction and resilience to noise and outliers. In the evaluation, RF 
showed an average recall of 0.59, with most models exceeding this value 
(Fig. 6) despite being optimised on the F1 score, which was 0.65. When 
parameters were optimised, higher recall rates were observed, but for a 
balanced evaluation, models with better F1 scores were preferred. When 
implementing EWS, prioritising recall could improve the detection of 
positive toxicity at the expense of higher FP — a trade-off considered 
acceptable due to the likely subsequent verification of toxicity in the 
laboratory.

Both the DT and SVM models exhibited lower F1 scores (0.43). The 
simple algorithmic nature of DT limits its ability to model the complex 
relationships while SVM might have struggled with the noisy and 
imbalanced nature of the data as it performs optimally when there is a 
clear margin of separation between classes. The ANN model had a 
slightly higher F1 score (0.49), but still performed worse than RF. ANNs 
require bigger training sets than other ML algorithms. In our case the 
ANN was shallow and small leading to limited learning capacity.

The evaluation of the robustness of the models was limited by the 
small size of the test set, which urges caution when applying these 
models to different data sources. ML models may have limited gener
alizability and may perform suboptimal on data that deviate from the 
training set. In general, it should be kept in mind that site- and species- 
specific models are superior to generalizable models (Rousso et al. 
2020).

By applying XAI approaches in marine ecology, our study aimed to 
fill important gaps in ML applications in this field while emphasising the 
need and potential of XAI. Especially for scientific and real-world ap
plications, – such as EWS–, it is insufficient to only estimate how reliable 

Fig. 6. Variability of performance metrics over 100 iterations.

Table 3 
Average model test results for four ML algorithm classes over 100 iterations.

Classifier Precision Recall F1-score

SVM 0.42 0.47 0.43
DT 0.42 0.48 0.43
RF 0.74 0.59 0.65
ANN 0.58 0.45 0.49
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the predictions of a model are. For an ML-based EWS to be perceived as 
trustworthy, authorities also need to understand the rationale behind 
the model’s decisions so that they can make an informed decision on 
appropriate actions.

Our study shows how XAI techniques can provide insights into the 
model’s decisions by revealing the correlations learned by the ML al
gorithms. In two different explainability methods (Figs. 9 and 10) of the 
best performing ML model (RF), D. fortii was ranked as the most influ
ential variable for positive toxicity prediction, followed by the entire 
DSP assemblage or other species such as D. caudata. These results are 
largely consistent with real data from in vitro studies demonstrating the 
synthesis of DSP toxins in isolated cells of D. fortii (Yasumoto et al. 1980; 
M. G. Park et al. 2006) or from field studies. Our data show that the 
period with the highest abundance of D. fortii coincides with the periods 
with the highest incidence of DSP above the regulatory limit in 
September and October (Figs. 4 and 5), while earlier DSP events, from 
May to August, could be due to D. caudata or D. sacculus, which also 
increased the probability of positive test results. In addition, a recent 
study from Slovenian coastal waters, conducted with a much shorter 
dataset (6 years), showed the strongest association between DSP toxins 
in mussels and D. fortii (Henigman et al. 2024).

The next highly ranked variables are those related to the supply of 
freshwater to the coastal waters, such as the flow rate of the Soča River 
and precipitation. These variables alter the hydrodynamics and increase 
the stratification of the water column by reducing salinity in addition to 
the high water temperatures during warm periods (Boicourt et al. 2020). 
Such conditions can promote the growth of Dinophysis species and their 
accumulation in thin layers (Broullón et al. 2020; Harred and Campbell 
2014). The interplay between these influential abiotic factors and the 
dynamics of DSP species, particularly D. fortii, is also evidenced by a real 
case of mussel toxicity that was correctly predicted by the model with 
relatively high confidence (Fig. 11). The factors that increased the pre
dictive confidence of the model the most were the high abundance of 
D. fortii and DSP-tot (330 cells l− 1 and 460 cells l− 1 respectively are 
among the highest values in our study area) and the long day length, 
serving as a proxy for warm, stable summer conditions. Conversely, high 

salinity, low cumulative river flow and the month of September had the 
opposite effect and reduced confidence in the model’s positive predic
tion. While the first two factors were correctly identified as least influ
ential for a positive prediction, the influence of the month led to a bias in 
the model result, as the highest number of toxic events occurred in 
September (see Fig. 5). Although the drivers mentioned above clearly 
influenced the predictions of the model, this does not prove causality as 
correlation does not imply causation.

The abiotic variables highlighted as important in the present study 
are in good agreement with the results of previous studies in this area, 
where water temperatures and salinity were most responsible for the 
temporal variability and high abundances of DSP-producing species 
(France and Mozetic 2006; Henigman et al. 2024). Besides, the results of 
the ML models in the present study revealed some other important 
variables, such as river flow and precipitation, suggesting not only their 
influence on pycnocline formation, but also possibly the relationship 
with nutrients.

Although the DT model exhibits lower performance than the RF 
model, it also identifies a similar set of variables as RF. However, DT 
offers better interpretability for potential end users due to its simplicity 
and ease of use. Our example shows (Fig. 8) that even low abundances of 
D. fortii (30 cells l− 1 or more) can serve as warning indicators of positive 
toxicity. In cases where D. fortii has <30 cells l− 1, the presence of 
D. caudata and salinity levels ≤36.17 should be considered as warning 
indicators. However, these thresholds have to be taken with caution 
since the models were trained with abundance data of DSP-producing 
species obtained with different sampling methodologies. Despite its 
suboptimal performance, DT provides thresholds for decisions that can 
be easily verified retrospectively. When applied to the data of a mussel 
farm, the informative value was significantly improved from 2013, 
when the more precise analytical method for the detection of DSP toxins 
was introduced into the Slovenian national monitoring of mussels.

5. Conclusions

The study represents a step forward in the less researched and more 

Fig. 7. The precision-recall curve of the best RF model with parameters optimised using grid search.
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difficult problem of using ML to directly predict DSP toxicity in mussels 
in the Adriatic Sea. To this end, a comprehensive dataset of toxic 
phytoplankton and DSP toxins from the GoT, spanning three decades has 
been created and is openly available for further research. The focus of 
the study is the application of XAI principles by using interpretable ML 
models and explainability methods for opaque models to gain helpful 
insights into the complex interactions between marine organisms and 
their environment.

The following main conclusions can be drawn from the study:

• The right data preprocessing steps are crucial for overcoming the 
specific challenges of consolidated datasets from different sources 
and determine the training and performance of the model.

• ML models, especially RF, can satisfactorily predict DSP toxicity in 
mussels from Slovenian mussel farms.

• Both RF explainability methods and DT visualisations show that 
Dinophysis fortii and Dinophysis caudata together with abiotic factors 
influencing salinity of coastal waters (river discharge and precipi
tation) have the greatest influence on the predictions.

• The knowledge gained through explainability methods about the 
behaviour of the model makes ML approaches suitable for the EWS 
due to the increased trustworthiness.

• Predictive performance should be calibrated for the needs of EWS by 
optimising model training on the performance metric that is most 
important in the real world (e.g., recall).

The ML models developed, when integrated into EWS, can provide a 
cost-effective means of implementing timely and appropriate mitigation 
actions, such as trade bans, while improving management strategies to 
minimise health risks and social and economic damage. Future im
provements should focus on refining these models by expanding the 
training dataset, especially with more positive toxicity tests, and by 
continuously improving the temporal resolution and quality of the 
training data through improved monitoring methods. For example, the 
robustness of these models could be significantly improved by including 
a wider range of data of high-toxicity events and incorporating datasets 
from neighbouring regions.
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Fig. 8. Visualisation of a constructed DT model to illustrate the decision rules for DSP toxicity results. The numbers at each leaf node (pie chart) indicate the total 
number of remaining instances. The prediction of the model is labelled "poz" for positive toxicity predictions and "neg" for negative toxicity predictions.
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Fig. 9. Permutation importance of a typical RF model showing the ranking of the relevance of the independent variables for the prediction of DSP toxicity.

Fig. 10. The summary beeswarm plot of the Shapley values for the independent variables of each instance in the test set predicted by a typical RF model.
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Turk, Valentina, Giani, Michele, 2012. Recent evolution of river discharges in the 
gulf of trieste and their potential response to climate changes and anthropogenic 
pressure. Estuar. Coast. Shelf. Sci. 115 (December), 14–24.

Cozzi, Stefano, Giani, Michele, 2011. River water and nutrient discharges in the northern 
adriatic sea: current importance and long term changes. Cont. Shelf. Res. 31 (18), 
1881–1893.

Council of the European Communities, 1991. Council Directive of 15 July 1991 laying 
down the health conditions for the production and the placing on the market of live 
bivalve molluscs (91/492/EEC). Off. J. Eur. Commun. 268, 1–14.

Cruz, Rafaela C., Costa, Pedro Reis, Vinga, Susana, Krippahl, Ludwig, Lopes, Marta B., 
2021. A review of recent machine learning advances for forecasting harmful algal 
blooms and shellfish contamination. J. Mar. Sci. Eng. 9 (3), 283.

Derot, Jonathan, Yajima, Hiroshi, Jacquet, Stéphan, 2020. Advances in forecasting 
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Patrício, André, Lopes, Marta B., Costa, Pedro Reis, Costa, Rafael S., Henriques, Rui, 
Vinga, Susana, 2022. Time-lagged correlation analysis of shellfish toxicity reveals 
predictive links to adjacent areas, species, and environmental conditions. Toxins. 
(Basel)Toxins. (Basel) 14 (10). https://doi.org/10.3390/toxins14100679.

Pedregosa, Fabian, Varoquaux, Gael, Gramfort, Alexandre, Michel, Vincent, 
Thirion, Bertrand, Grisel, Olivier, Blondel, Mathieu, et al., 2011. Scikit-Learn: 
machine learn-Ing in Python. J. Mach. Learn. Res. 12.

Prassopoulou, Eleanna, Katikou, Panagiota, Georgantelis, Dimitrios, 
Kyritsakis, Apostolos, 2009. Detection of Okadaic acid and related esters in mussels 
during Diarrhetic shellfish poisoning (DSP) episodes in greece using the mouse 
bioassay, the PP2A inhibition assay and HPLC with Fluorimetric detection. Toxicon: 
Off. J. Int. Soc. Toxinol. 53 (2), 214–227.

Recknagel, Friedrich., 1997. ANNA–artificial neural network model for predicting 
species abundance and succession of blue-green algae. Hydrobiologia 349 (1/3), 
47–57.

Recknagel, Friedrich, Orr, Philip T., Cao, Hongqing, 2014. Inductive reasoning and 
forecasting of population dynamics of Cylindrospermopsis Raciborskii in three sub- 
tropical reservoirs by evolutionary computation. Harmful Algae 31 (January), 
26–34.
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Chapter 3

Unsupervised Machine Learning in
Agricultural Science

This chapter presents the second set of contributions to the dissertation related to the
application of explainable ML in agriculture. The aim was to identify the barriers and
incentives to the use of DSS for IPM, which is critical for mitigating the negative impacts
of agriculture on natural ecosystems and biodiversity. The effectiveness of IPM could be
significantly improved by increasing the use of DSS, which are not yet widely used by
farmers and farm advisors in Europe. To identify barriers and incentives for the adoption
and use of DSS in IPM in Europe, 100 farmers and 119 farm advisors from 12 European
countries were surveyed in 2020.

My contribution to this research was the use of unsupervised ML on the tabular data.
Therefore, only the methodology and results related to this part are presented here, while
the full work is presented in the publication below. In the first step, a dimensional-
ity reduction method was applied to the questionnaire response data using the Uniform
Manifold Approximation and Projection (UMAP) (McInnes et al., 2018). Dimensionality
reduction was performed separately for both datasets (i.e. numeric/ordinal and nom-
inal attributes) using appropriate distance metrics: Euclidean for numeric/ordinal and
Hamming for binary attributes (nominally coded). Before proceeding with clustering, the
obtained low-dimensional embeddings of the two datasets were combined by multiplication
(intersection).

In the second step, a density-based clustering method was used to objectively test
for the presence of clusters, as the integrated response profiles of the participants in the
previous step showed a tendency towards clustering. The HDBSCAN algorithm (Campello
et al., 2013) was used to cluster the survey participants in the x, y plane and automatically
determine the most appropriate number of clusters. Due to the unsupervised learning
approach, there was no ground truth to measure the classification error, but the obtained
clusters were evaluated using the density-based clustering validation (DBCV) (Moulavi
et al., 2014), which gives an indication of how well the clusters are separated from each
other. The results were visualised for better understanding and greater trust in the found
clusters.

Dimensionality reduction and clustering were performed in Python within JupyterLab,
the latest interface of the Jupyter project (Loizides & Schmidt, 2016), using the scikit-
learn ML library (Pedregosa et al., 2012), pandas (McKinney et al., 2010), density-based
clustering validation (DBCV) (Moulavi et al., 2014), HDBSCAN algorithm (Campello et
al., 2013), and for visualisation seaborn (Waskom, 2021) and Matplotlib (Hunter, 2007).

The results show the following. The cluster analysis provided insights into the variabil-
ity of survey respondents’ answers regarding their experiences and expectations of using
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DSS in IPM. Both farmers and farm advisors show a tendency to form three groups. Out-
liers were found among both farmers and farm advisors that could not be assigned to any
of the detected clusters by the HDBSCAN algorithm. The discovered clusters in the data
of farmers from all participating countries reached a DBCV score of 0.25, while the data
of farm advisors in the same countries reached a DBCV score of -0.12. Further analyses
based on my work then revealed what were the most common barriers and incentives to
access and uptake of DSS by farmers and farm advisors characteristic of each of the iden-
tified clusters. These findings will allow experts to direct future research towards finding
appropriate solutions to overcome these barriers.

This work directly addresses the following hypothesis defined in the introduction:

H3: Unsupervised ML and explainability methods can reveal user attitudes towards
utilising DSS in IPM.

Hypothesis H3 is fully confirmed by the results presented in this chapter.

The research work is presented in the following publication and is included in the fol-
lowing:

Marinko, J., Ivanovska, A., Marzidovšek, M., Ramsden, M., & Debeljak, M. (2023).
Incentives and barriers to adoption of decision support systems in integrated pest manage-
ment among farmers and farm advisors in Europe. International Journal of Pest Manage-
ment, 1-18.

Martin Marzidovšek contributed to this work as follows: conceptualisation, methodol-
ogy, software, formal analysis, writing the original draft, reviewing and editing, visualisa-
tion.
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ABSTRACT
The effectiveness of integrated pest management (IPM) could be improved by using decision 
support systems (DSS). To identify barriers and incentives to the adoption of DSS in IPM in 
Europe, we conducted a survey among farmers and farm advisors in 12 European countries. 
The data were analysed using state-of-the-art machine learning methods complemented by 
statistical analysis. The results reveal region-specific barriers to DSS adoption among both 
farmers and advisors. Among farmers, lack of trust in DSS and the perceived need for 
additional information technology training are the predominant barriers, while among advisors, 
limited access to information about DSS is predominant.

1.  Introduction

Integrated Pest Management (IPM) is a science-based 
practice for the identification and management of 
pests through a combination of approaches, includ-
ing biological, cultural, mechanical and chemical 
measures (Dara 2019). The use of non-chemical 
measures should be prioritised when possible 
(Barzman et  al. 2015; Stenberg 2017). However, 
chemical treatment may be used preventively if 
needed (Dara 2019). Since 2014, farmers in the 
European Union (EU) have been obliged to follow 
the guidelines of IPM under European legislation 
(Directive 2009/128/EC), through which the EU 
aims to achieve judicious and sustainable use of 
pesticides.

With rising demand for high-quality, sustainably 
produced food (European Commission 2020), farm-
ers and farm advisors face increasingly complex 
decision-making problems on a daily basis 
(Hernandez et  al. 2017). The decision-making pro-
cess is also becoming increasingly difficult due to 
various factors such as climate change (Deutsch 
et  al. 2018; Eitzinger, Binder, and Meyer 2018; 
Skendžić et  al. 2021), evolving regulatory and market 
policies, and technological advancements (e.g. infor-
mation technologies (IT)) (Lesecq et  al. 2022). To 

help manage complex decisions, numerous decision 
support systems (DSS) have been developed in 
Europe for IPM (Mahaman et  al. 2003; Tamayo, 
Ibarra, and Macías 2010; Steffek et  al. 2011; 
Sudharsan et  al. 2012; Damos 2015; Marić, Orović, 
and Stanković 2016; Sciarretta et  al. 2019). Advanced 
IPM DSS that incorporate existing and validated 
knowledge from different fields such as, agronomy, 
meteorology, pedology, entomology, phytomedicine 
and ecology (Taechatanasat and Armstrong 2014), as 
well as information technology and computer sci-
ence provide accurate and efficient support for pest 
and disease management (Demirel and Kumral 2021; 
Lázaro, Makowski, and Vicent 2021; Maraveas 2022).

Unfortunately, there are several unresolved chal-
lenges to the adoption and implementation of DSS 
in IPM, including the need to increase trust in DSS; 
provide validated, relevant results to users with dif-
ferent needs, ensure access to information about dif-
ferent developed DSS, and ensure a successful user 
experience and application of DSS. Due to these and 
many other challenges, there is a large gap between 
the number of DSS that have been developed, and 
the number in use on farms (Gent et  al. 2013; Rose 
et  al. 2018). Addressing this gap would lead to more 
effective implementation of sustainable practices in 
the use of pesticides (Lázaro, Makowski, and Vicent 
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2021) and thus have a positive impact on the health 
of pesticide users (reduced exposure), the environ-
ment (reduced pollution of soil, surface water and 
groundwater by pesticides) and the ecosystem 
(reduced impact of pesticides on non-target organ-
isms), (Ali et  al. 2021).

Some DSS use mathematical decision theory to 
help users evaluate their decision alternatives in a 
consistent manner (Introne and Iandoli 2014) and 
find the most appropriate step or set of steps to 
optimally solve a given decision problem (Ara et  al. 
2021). Their use in agriculture can help solve many 
problems, such as verifying the effectiveness of 
implementing sustainable farm practises for pest and 
disease control (Newman, Lynch, and Plummer 
2000). The use of such systems should therefore be 
more widely adopted by farmers and farm advisors 
in Europe and globally.

Previous studies have highlighted a lack of trust 
between developers and DSS users as a cause for the 
low uptake and use of DSS in agriculture at a local 
or national scale, along with an inherent risk aver-
sion within user communities (Hochman and 
Carberry 2011; Shtienberg 2013). These are embed-
ded in a fragmentation of developer and user com-
munities, limiting the ability of users to assess the 
benefits and scientific basis of DSS and the ability of 
developers to adequately address the perceived/actual 
risks experienced by target end users (Gent, De 
Wolf, and Pethybridge 2011; Rose et  al. 2016). In 
this work, we have extended the research to the 
European scale and regulatory content, recognising 
the cross-border nature of many key pest species, 
and the need for intergovernmental consistency on 
methods for promoting and supporting IPM. At the 
same time, there are some region-specific environ-
mental, economic and social specifics within Europe 
that must be considered. To better understand the 
users of DSS in agriculture and in IPM at the 
European level, we conducted a survey among farm-
ers and farm advisors about their needs, experiences 
and expectations regarding the use of DSS in IPM.

The work presented in this paper was part of the 
EU project IPM Decisions (grant number 817617, 
https://www.ipmdecisions.net) with an objective to 
link IPM DSS from across Europe into a user- 
friendly platform (http://www.platform.ipmdecisions.
net/) that allows easier access and possibly wider 
adoption of such systems. To increase adoption of 
IPM DSS, the identification of barriers and incen-
tives is crucial. The aim of our study was to identify 
and explain (i) the attributes describing the reasons 
why farmers and farm advisors in Europe use IPM 
DSS, (ii) the reasons why farmers and farm advisors 
do not use IPM DSS, and (iii) whether there are 

differences between the above reasons in the differ-
ent agro-climatic zones within Europe. The results 
from this study provided us with an in-depth under-
standing of the factors influencing the uptake and 
use of DSS in IPM in different parts of Europe, and 
can be upgraded into extended research on how to 
improve the adoption and use of DSS in IPM in 
specific regions of Europe.

2.  Materials and methods

Supporting the implementation of the Directive on 
the Sustainable Use of Pesticides (Directive 2009/128/
EC) throughout the EU, we conducted a survey in 
12 European countries to capture the variability of 
agro-environmental zones and the differences in 
economic and social development across European 
agriculture.

2.1.  Survey

Primary data were obtained by surveying potential 
IPM DSS users. In 12 participating countries, insti-
tutions and companies involved in farm advisory 
services as well as farmers involved in the crop pro-
duction sector of agriculture including farmers with 
mixed farms (e.g. livestock and crop production) 
were invited by email to their respective national 
IPM Decisions workshop. To ensure that participant 
representation was randomly distributed within tar-
get groups, all invitees were asked to invite other 
farmers or farm advisors, and the workshops were 
promoted through existing relevant national net-
works and social media. To avoid possible sampling 
bias, the workshops took place independently and 
were not part of a larger event. Participation was 
voluntary, free of charge, and participants were not 
compensated for answering our questionnaire. No 
further selection was made among the participants 
and all participants responded to the questionnaire. 
The face-to-face workshops were held in January 

Table 1. Division of the countries participating in the study 
into three regions and the number of respondents for each 
region.
Region Farmers Farm advisors Participating countries
Northern 

Europe
32 36 Denmark, Finland, 

Lithuania, Sweden, 
Norway - advisors 
only

Central 
Europe

32 46 Germany, Netherlands, 
Slovenia, UK

Southern 
Europe

36 37 Greece, Italy, France

Total 100 119 219 participants from 12 
countries
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and February 2020 (Table 1), and conducted in the 
national language of each country. Each partici-
pating country held one or two workshops in the 
location of the organising partner’s choice. Separate 
questionnaires were developed for each target group 
((i) farmers and (ii) farm advisors), and were consis-
tent for all participating countries. Each participant  
identified him/herself as a farmer or a farm advisor 
and voluntarily completed the corresponding ques-
tionnaire. The questionnaires were printed on paper, 
and self-completed by the farmer/advisor; the work-
shop organisers were present in case clarification 
was needed. Both questionnaires were developed 
in the English language and reviewed by workshop 
organisers. It was then checked by a native English 
speaker and reviewed by the IPM Decisions project’s 
Ethics Committee, before being translated into all 12 
languages of the participating countries. The survey 
contained both direct and indirect, closed-ended 
questions. The questionnaires were designed based 
on the approaches, findings and suggestions for 
improvement from published research on simi-
lar topics (Norton et  al. 1999; Gent, De Wolf, and 
Pethybridge 2011; Hochman and Carberry 2011; 
Aldhmour and Eleyan 2012; Shtienberg 2013; Kabir 
and Rainis 2015; Rose et  al. 2016; Rose et  al. 2018; 
Rossi et  al. 2019).

The questionnaire contained 23 questions for 
farmers (Appendix A) and 15 questions for farm 
advisors (Appendix B), that asked participants about 
their demographic characteristics (e.g. age, gender); 
the characteristics of their farms (or farms man-
aged by farm advisors); their experiences, habits and 
expectations regarding IPM DSS use; their attitudes 
towards IPM DSS use; legal requirements; and tech-
nical and communication capabilities. The ques-
tionnaire for farm advisors also included a series 
of questions aimed at assessing the attitude of their 
clients (farmers) towards IPM DSS. In total, 100 
farmers and 119 farm advisors completed the ques-
tionnaire (Table 1). The data from the participating 
countries were grouped according to broad environ-
mental and agroclimatic regions, corresponding to 
the environmental stratification of Europe: i) Atlantic 
– Northern Europe; ii) Continental – Central, and; 
iii) Mediterranean - Southern (Metzger et  al. 2005), 
which corresponds to the country of the participants 
(Table 1). For the purposes of our study, we will use 
the term region (Northern Europe, Central Europe 
and Southern Europe).

2.2.  Analysis

Each survey question represented an attribute in our 
database with ordinal or nominal qualitative values 

representing the answers to the question asked. The 
attributes were recoded to take the small sample size 
into account and to reduce dispersion of data. To 
ensure the comparability of the numerical and nom-
inal attributes in the dimensionality reduction step, 
the whole dataset was split into two subsets: (i) 
dataset containing attributes with numeric and ordi-
nal categorical attributes and (ii) dataset containing 
nominal attributes. Given the relatively small num-
ber of completed surveys, the data were analysed in 
three steps, i) dimensionality reduction, ii) clustering 
analysis and iii) classification models and comple-
mented with iv) statistical analysis.

2.2.1.  Dimensionality reduction
In the first step, a dimensionality reduction method 
(McInnes, Healy, and Melville 2018) was applied 
to the questionnaire responses data. By answering 
the questionnaire, each survey respondent (farmer 
or farm advisor) developed their own multidi-
mensional data profile, which was described by 23 
dimensions (survey questions/attributes) for farm-
ers and 15 dimensions for farm advisors. Each 
dimension had several possible values (between 2 
and 5) illustrating the general attitude towards IPM 
DSS and their use. The differences between respon-
dents’ answers are therefore differences in the val-
ues of each dimension. The information scattered 
in the multidimensional data profile (defined by 
the number of the questions), of each participant 
was integrated into two dimensions (x, y). In this 
way, the profile characteristics and relationships 
were preserved as much as possible. The distances 
between respondents in the higher-dimensional 
space remained similar to those in the reduced 
two-dimensional space, so that respondents with 
similar survey answers were closer together in the 
x, y plane and vice versa. This allowed us to visu-
alise the distribution of survey respondents on the 
x, y plot.

Dimensionality reduction algorithms are unsuper-
vised machine learning methods. For our purposes, 
we used Uniform Manifold Approximation and 
Projection (UMAP), (McInnes, Healy, and Melville 
2018). This is a general-purpose manifold learning 
and dimensionality reduction algorithm that argu-
ably preserves more of the global data structure by 
finding a low-dimensional projection or embedding 
of the data that has the best possible equivalent 
fuzzy topological structure (McInnes, Healy, and 
Melville 2018). Dimensionality reduction was per-
formed separately for both datasets (i.e. numeric/
ordinal and nominal attributes) using appropriate 
distance metrics: Euclidean for numeric/ordinal and 
Hamming for binary attributes (nominally coded), 
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(Table 2). Before proceeding with clustering, the 
obtained low-dimensional embeddings (UMAP mod-
els) of the two datasets were combined using multi-
plication (intersection).

The dimensionality reduction and clustering was 
performed in Python within JupyterLab, the latest 
interface of the Jupyter project (Kluyver et  al. 2016), 
using the scikit-learn machine learning library 
(Pedregosa et  al. 2011), Pandas (McKinney 2010) 
and for visualisations seaborn (Waskom 2021) and 
Matplotlib (Hunter 2007). The same approach was 
used for clustering.

2.2.2.  Clustering analysis
We used a density-based clustering method to objec-
tively test for the existence of clusters, as the partic-
ipants’ integrated response profiles showed a 
tendency to cluster in the previous step. The 
HDBSCAN algorithm (Campello, Moulavi, and 
Sander 2013) was used to cluster survey respondents 
in the x, y plane and to automatically determine the 
most appropriate number of clusters. HDBSCAN can 
refuse to cluster some points and classify them as 
“noise” if they do not fit into any cluster, which 
allows the algorithm to “not be wrong”. Since this is 
unsupervised learning, where there is no ground 
truthing to measure the classification error, the clus-
ters obtained were evaluated using density-based 
clustering validation (DBCV), (Moulavi et  al. 2014), 
which gives an indication of how well the clusters 
are separated from each other. DBCV is specifically 
suited for density-based clustering algorithms because 
it takes noise into account and captures the shape 
property of clusters using densities rather than dis-
tances. DBCV calculates two values, (i) the density 
within a cluster (cluster cohesion) and (ii) the den-
sity between clusters (cluster separation). A high 
density within a cluster and a low density between 

clusters indicates high clustering quality. The final 
result of DBCV is a weighted sum of the “Validity 
Index” values of clusters with a score between −1 
and 1, where the better the clustering assessed, the 
greater the value.

2.2.3.  Classi"cation models
In order to identify the factors that differentiate the 
clusters between each other, in the final step of the 
analysis a machine learning method was used to 
generate classification trees (Frank, Hall, and Witten 
2016). This allowed expansion of the two dimen-
sional information back to the underlying dimen-
sions, i.e. the attributes and their values.

The classification tree predicts the nominal value 
of the dependent variable. In this study, the depen-
dent variable was the cluster of participants, and its 
nominal values are the values of the clusters discov-
ered through cluster analysis. The classification tree 
(Breiman et  al. 2017) is a hierarchical structure 
where each internal node contains a test for an attri-
bute, each branch corresponds to an outcome of the 
test, and each leaf node (terminal node) provides a 
prediction for the value of the class variable (the 
number of the cluster). The interpretation of the 
classification trees follows the rule “if-then” from the 
top attribute (most influential attribute) in the clas-
sification tree downwards to the leaves representing 
the values of the dependent variable (in our case the 
cluster number), (Figure 1). The prediction accuracy 
of a classification tree is the proportion of successful 
predictions over the entire set of instances, which 
measures the overall performance of the classifier 
(Witten et  al. 2016). The most commonly used tech-
nique for estimating the predictive performance of a 
classifier on unseen data is cross-validation. In 
cross-validation, a fixed number of folds or parti-
tions of the data are defined. Due to the small num-
ber of instances (fully completed questionnaires), 
leave-one-out cross-validation was used (Witten 
et  al. 2016). This is a special type of cross-validation 
where the number of folds is equal to the number 
of instances in the dataset. The classification algo-
rithm is thus applied once for each instance, using 
all other instances as the training set and the selected 
instance as a single-item test set. The accuracies 
obtained in the different iterations are averaged to 
obtain an overall accuracy. To construct a classifica-
tion decision tree, the algorithm J4.8 was used; an 
implementation of the C4.5 algorithm (Quinlan 
1993) in the software package WEKA (Frank, Hall, 
and Witten 2016). The parameters of algorithm J4.8 
were set to their default values. For unbalanced data 
(the farmers in Central Europe and the farm 

Table 2. Settings of the UMAP and HDBSCAN algorithm 
parameters used for dimensionality reduction and clustering 
of farmers’ and farm advisors’ datasets.

Farmers Farm advisors
UMAP (ordinal 

attributes)
n_neighbors = 10, min_dist 

= 0.1, n_components = 
2, metric = ”euclidean”, 
random_state = 123

n_neighbors = 5, 
min_dist = 0.5, 
n_components = 
2, metric = 
”euclidean”, 
random_state = 
123

UMAP (nominal 
attributes)

n_neighbors = 10, min_dist 
= 0.1, n_components _
components.1, n_
componenrandom_state 
= 123

n_neighbors = 10, 
min_dist = 0.9, 
n_components = 
2, metric = 
”hamming”, 
random_state = 
123

HDBSCAN min_cluster_size = 5, 
min_samples = 4

min_cluster_size = 5, 
min_samples = 4
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advisors in Northern Europe), the Cost Sensitive 
Classifier with reweighted training instances was 
selected as the classification method. The validation 
of the constructed model (i.e. the predictive perfor-
mance of the classification) was assessed by the per-
centage of correctly classified instances.

To clarify the criteria for forming the clusters, we 
used the baseline datasets extended by the attribute 
“Cluster”. Each participant was assigned a cluster 
number, which was determined during the cluster 
analysis. Only the most informative attributes (sur-
vey questions) were included in the hierarchical 
structure of the classification model, based on which 
the participants were classified into the discovered 
clusters. At the same time, these attributes also 
explain the variability between the clusters. The 
attributes incorporated into the structure of the clas-
sification model by the machine learning algorithm 
represent the explanatory criteria for the differences 
between the groups (clusters) of participants in their 
attitudes and opinions about IPM DSS.

2.2.4.  Statistical analysis
Since the structure of the classification trees consists 
of only the most influential attributes, the cluster 
and classification analysis were additionally supple-
mented with a z-test to statistically analyse the dif-
ferences between clusters. The importance of all 
attributes was thus further tested by a statistical 
analysis of the differences in the answers to the 
same question (p < 0.05; Table 4 and 5). This addi-
tional step identified other important but less influ-
ential attributes that explain the differences between 
the participants classified in different clusters. To 
avoid bias due to the small data sample and to sup-
port the identification and interpretation of the 

discovered patterns through data mining, a z-test for 
comparing two proportions (Equation (1)) was cho-
sen and analysed with a 95% confidence interval 
(Zou et  al. 2003).

 z
p p

p p n nc c

=
−

−( )  +( )
1 2

1 2
1 1 1/ / /

 

(1)

Where:

 p
Y Y

n nc =
+
+

1 2

1 2

 

(2)

p1 = proportion of answer “A” in group 1
p2 = proportion of answer “A” in group 2
pc = proportion of answer “A” in the sample
Y1 = number of participants who answered “A” 

in group 1
Y2 = number of participants who answered “A” 

in group 2
n1 = sample size of group 1
n2 = sample size of group 2
“A” = attribute value (e.g. Yes; No)

3.  Results

The age structure of farmers and farm advisors was 
similar in all regions, with a slightly higher proportion 
of younger farmers (25–35 years old) participating in 
Southern Europe. Of the farmers, 27% were 25–35 years 
old, 28% were 35–50 years old and 27% were 
50–60 years old. There were few younger (10% aged 

Figure 1. Arrangement of (a) farmers and (b) farm advisors in a two-dimensional plane and their grouping in three clusters 
(0, 1 and 2).
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18–25) and older (8% aged > 60) farmers. The major-
ity (61%) of farm advisors surveyed were between 35 
and 60 years old, 29% were between 18 and 35 years 
old and 11% were over 60 years old. The vast majority 
(87%) of farmers were male, while the gender struc-
ture is more balanced among farm advisors, with 57% 
males and 43% females. Of the farmers, 75% had at 
least a bachelor’s degree, while farm advisors with a 
vocational degree are underrepresented in all three 
regions, due to the professional requirements for 
higher education. Farmers with small (less than 5 ha) 
farms (most in Central Europe (22%)), and farm advi-
sors who predominantly advise small farms (9%) or 
only large farms (7%) are underrepresented in all three 
regions. The majority of farmers were from large (> 
60 ha) farms, and farm advisors in all three European 
regions (47%) advise farms of mixed size, followed by 

medium-sized farms (37%). The under-representation 
of certain groups of farmers and farm advisors (e.g. 
farmers with smaller farms (< 5 ha)) was the result of 
the decision of those invited to participate or not. A 
more detailed description of the data categories men-
tioned in Section 2.1. can be found in the following 
subsections.

3.1.  Data clustering

The results of the cluster analysis provide insight 
into the variability of survey respondents’ answers 
regarding their experiences and expectations of using 
DSS in IPM. Participants who gave the same answer 
to most questions as other participants were distrib-
uted closer together on the x, y plot. Both farmers 
(Figure 1a) and farm advisors (Figure 1b) show ten-
dency for forming into three groups. Outliers were 
found in both farmers and farm advisors, that were 
not classified into any of the discovered clusters by 
the HDBSCAN algorithm. The discovered clusters in 
the data of farmers from all participating countries 
reached a DBCV score of 0.25, while data of farm 
advisors in the same countries reached a DBCV 
score of −0.12. (Table 3).

The structure of the classification tree showed 
that the clusters, confirmed by the results of the 

Table 3. The results of the DBCV validation of clustering with HDBSCAN for farmers and farm advisors in all three regions of 
Europe and all Europe together.

Northern Europe Central Europe Southern Europe All Europe
Participants Farmers Advisors Farmers Advisors Farmers Advisors Farmers Advisors
No. of participants 32 36 32 46 36 37 100 119
No. of attributes 23 15 23 15 23 15 23 15
No. of HDBSCAN 

clusters
2 2 2 2 2 3 3 3

DBCV score −0.18 0.25 −0.26 0.63 −0.09 0.36 0.25 −0.12

Table 5. Statistically signi"cant di#erences (p < 0.05) between 
the responses of farm advisors from both clusters (0 and 1) 
in Northern and Central Europe and all three clusters (0, 1 
and 2) in Southern Europe. "*" indicates the attributes for 
which we found statistically signi"cant di#erences in each 
region, while the symbol "♦" indicates the attributes that 
were included in the classi"cation model in each region.
Attribute Northern Europe Central Europe Southern Europe
Access to 

marketing info 
about DSS

* ♦ * *

Followed 
manufacturer’s 
demo

* * ♦

Age * * ♦
Productivity 

improvement
*

High-speed 
internet

*

Experience * ♦
Output preference *
Crop type group * ♦

Table 4. Statistically signi"cant di#erences (p < 0.05) between 
the responses of farmers from the two clusters (0 and 1) in 
all three regions of Europe.
Attribute Northern Europe Central Europe Southern Europe
Already used DSS * ♦ * *
Need IT teaching * ♦ * *
Trust in DSS * ♦ * *
Productivity 

improvement
* *

Appreciate change *
Enjoy using new 

technology
* ♦

Farm size *
Gender *
Importance of low 

price
*

Importance of 
easy to use

*

Income *
Legislative 

requirements
*

WTP for DSS *
DSS must be 

tailored
*

Importance of 
e$ciency

*

Importance of 
polyvalence

*

Followed 
manufacturer’s 
demo

*

High-speed 
internet

* ♦

Willing to try new 
products

* ♦

"*"indicates attributes for which we found statistically signi"cant di#er-
ences between the clusters, while "♦" indicates attributes that were 
included in the classi"cation tree in each region.
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cluster analysis shown in Figure 1, are mostly influ-
enced by the region from which the participants 
come. Due to variability of the responses, the group 
of farmers in Southern Europe was further divided 
in the classification tree into a group of participants 
who have already used an IPM DSS and a group of 
participants who have not yet used an IPM DSS. 
The accuracy of the classification tree, determined 
by leave-one-out cross-validation (Witten et  al. 2016) 
for farmers is 96.0% and 94.7% for farm advisors.

3.2.  Data clustering by region

The results of the initial data clustering analysis sug-
gest that the data can be divided by region, there-
fore, the analysis was repeated using data divided by 
region for farmers and for farm advisors. Participants 
were clustered into two or three identified clusters 
(Table 3).

The results of the clustering method (HDBSCAN) 
of data from specific region indicated a tendency to 
form clusters of farmers’ and farm advisors’ data in 
all three regions of Europe. Visualisation of 
HDBSCAN of two groups show that farmers (Figure 
2a) in Southern Europe were clustered in two clus-
ters while farm advisors (Figure 2b) in Southern 
Europe were clustered in three clusters.

3.3.  In"uential attributes of discovered clusters 
by region

The results of the classification trees constructed 
using the data from each region show differences 
between the regions. Attributes with statistically sig-
nificant differences among both farmers and farm 
advisors are described in separate subsections for 

each region. Statistically significant differences 
(p < 0.05) were found between the responses of farm-
ers classified in two clusters (Table 4). All attributes 
included in the farmers’ analysis and their values 
(possible answers) are listed and described in 
Appendix A.

Statistically significant differences (p < 0.05) were 
found between the responses of farm advisors classi-
fied in both or all three clusters (Table 5). All the 
farm advisors’ attributes included in the analysis and 
their values (possible answers) are listed and 
described in Appendix B.

Based on the structure of the classification model 
and the results of the statistical analysis, we deter-
mine which group(s) of farmers or farm advisors are 
more inclined to use IPM DSS.

3.3.1.  Farmers in Northern Europe
Farmers in Northern Europe were classified into two 
clusters (0 and 1). In the structure of the classifica-
tion tree, the attribute “Already used DSS”, which 
describes whether farmers have already used DSS, 
played the most important role, followed by the 
attributes “Trust in DSS” and “Need IT Teaching” 
(Figure 3; Table 4), which describe their trust in 
DSS and their perceived need for additional educa-
tion and training in IT.

3.3.1.1.  Northern Europe farmer cluster 0 – more 
inclined to use IPM DSS.  These were farmers who 
already used IPM DSS and moderately or strongly 
trusted DSS, and those who already used IPM DSS 
but do not trust them and feel that they do not need 
additional information technology (IT) education. 
Posthoc analysis showed that farmers in this group 

Figure 2. Arrangement of (a) farmers and (b) farm advisors in Southern Europe in a two-dimensional plane and their group-
ing in two (farmers) or three (farm advisors) clusters.
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that were more inclined to use IPM DSS were more 
likely to think that IPM DSS can have a positive 
impact on their productivity and decision-making 
ability (“Productivity improvement”) than farmers 
that were assumed to be less inclined to use IPM 
DSS (p < 0.05; Table 4). Therefore, farmers classified 
in cluster 0 could be described as “(potential) users 
of IPM DSS”.

3.3.1.2.  Northern Europe farmer cluster 1 – less 
inclined to use IPM DSS.  These were farmers who 
had not yet used IPM DSS or those who had already 
used IPM DSS but do not trust them (“Trust in 
DSS”) and at the same time admitted that they need 
further training in IT (“Need IT teaching”), (p < 0.05; 
Table 4). Posthoc analysis showed that farmers in 

this group were less inclined to use IPM DSS and 
could therefore be described as “sceptics towards the 
use of DSS”.

3.3.2.  Farmers in Central Europe
Farmers in Central Europe were classified into two 
clusters (0 and 1). The classification tree has only 
one linkage (Figure 4). This is due to the small 
number of participants in the region (Table 3). 
Clusters were differentiated based on the attribute 
“Enjoy using new technology”, which describes farm-
ers’ willingness to use new technologies. Farmers 
who enjoy using new technologies to some extent or 
very much are placed in cluster 0 and farmers who 
do not enjoy the use of new technologies are placed 
in cluster 1.

3.3.2.1.  Central Europe farmer cluster 0 - more 
inclined to use IPM DSS.  Farmers in cluster 0 were 
more inclined to use new technologies compared to 
farmers classified in cluster 1, and more cluster 0 
farmers were already using DSS (90%, “Already used 
DSS"; p < 0.05; Table 4). Of the farmers in this cluster, 
46% responded that they do not need additional IT 
training, and since farmers in this cluster were 
associated with larger farms, they could therefore be 
described as “farmers with larger farms and better IT 
knowledge”. Posthoc analysis (p < 0.05; Table 4) showed 
that majority of farmers classified in cluster 0 trust 
DSS (“Trust in the DSS”), (86%), are more open to 
change (“Appreciate change”), (73%), have larger farms 
(“Farm size”), (73%), higher income from farming 
(“Income”), and have to a lesser extent indicated that 
feel they need additional IT training (“Need IT 
teaching”), compared to the farmers classified in 
cluster 1 (assumed to be less inclined to use DSS). 
The importance of ease of use is of medium to high 
importance for this cluster (“Importance of easy to 
use”), and 95% of farmers in this cluster reported 
market or legislative requirements regarding the use 
of pesticides and fertilisers (“Legislative requirements”). 
Farmers who were assumed to be more inclined to 
use DSS give less importance to the low price 
(“Importance of low price”) and are more willing to 
pay for DSS (“WTP for DSS”) even if no subsidies are 
available. The majority of participants in cluster 0 
were male (“Gender"; 91/9).

3.3.2.2.  Central Europe farmer cluster 1 – less 
inclined to use IPM DSS.  These farmers could be 
described as “farmers with smaller farms who are 
averse to using new technologies”, and relatively fewer 
were already using DSS (60%) compared to in cluster 
0. The importance of ease of use is of high importance 

Figure 3. Classi"cation model for farmers in Northern 
Europe. The attribute values of farmers classi"ed in cluster 0 
are striped and highlighted in green, while the attribute val-
ues of farmers classi"ed in cluster 1 are highlighted in 
orange. The model correctly classi"ed 78.1% of the instances.

Figure 4. Classi"cation model for farmers in Central Europe. 
The attribute value of farmers classi"ed in cluster 0 are 
striped and highlighted in green, while the attribute values 
of farmers classi"ed in cluster 1 are highlighted in orange. 
The model correctly classi"ed 81.3% of the instances.
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for farmers who we assume are less inclined to use 
IPM DSS, and 60% reported market or legislative 
requirements on the use of pesticides and fertilisers. 
They were also less willing to pay for DSS (“WTP for 
DSS”). The gender distribution (“Gender”) of 
participants in this cluster was more evenly balanced 
(60/40) than in cluster 0.

3.3.3.  Farmers in Southern Europe
Farmers in Southern Europe were also classified into 
two clusters (0 and 1) using the clustering method. 
In the structure of the classification tree (Figure 5), 
the attribute “Willing to try new products”, which 
describes the willingness to try new technologies 
and services, played the most important role, fol-
lowed by the possibility to have access to high-speed 
internet (“High-speed internet”).

Cluster 0 included farmers who are willing to use 
new products and services but have access to the 
internet only in the office (at home) and not on all 

their fields, and farmers who have access to 
high-speed internet both at home and on all their 
fields. Cluster 1 included farmers who are slightly 
more reluctant to use new products or farmers who 
like to use new products and services but have an 
infrastructural barrier of not having access to 
high-speed internet.

3.3.3.1.  Southern Europe farmer cluster 0 - more 
inclined to use IPM DSS.  Farmers classified in cluster 
0 are “farmers who like to use new technologies”, 
though 96% of this group responded that they need 
additional IT training (“Need IT teaching”). The 
majority of these farmers occasionally attend DSS 
demonstration workshops (“Followed manufacturer’s 
demo”), (70%) and had a much better attitude towards 
DSS as more than 95% of them are convinced that 
DSS can help them in decision-making and 
productivity (“Productivity improvement”). These 
farmers trust DSS to a greater extent (“Trust in DSS”) 
and a higher proportion have already used them 
(“Already used DSS”), (75%). Farmers more inclined 
to use IPM DSS consider the polyvalence of DSS 
(“Importance of polyvalence”), i.e. property of a DSS 
to predict multiple pests or pests for multiple crops, 
to be important (p < 0.05; Table 4). Farmers from 
cluster 0 expressed the wish that decision support 
systems should be tailored to their farm (“DSS must 
be tailored”), (p < 0.05; Table 4).

3.3.3.2.  Southern Europe farmer cluster 1 – less 
inclined to use IPM DSS. Farmers classified in cluster 
1 mostly answered that they have never used a DSS 
and could be referred to be “farmers with lack of 
experience in using a DSS”. Most of these farmers 
responded that they needed IT training (71%), 70% 
had never attend DSS demonstration workshops 
(“Followed manufacturer’s demo”), and almost 40% 
responded that DSS cannot help them in decision 
making and productivity (“Productivity improvement”). 
Of these farmers, 57% have not yet tried DSS (“Already 
used DSS”), though considered it extremely important 
that DSS are efficient (“Importance of efficient”), 
(p < 0.05; Table 4). Farmers in cluster 1 also wanted 
decision support systems to be tailored to their farm.

3.3.4.  Farm advisors in Northern Europe
The farm advisors in Northern Europe were classified 
into two clusters (0 and 1) using the clustering method. 
The decision tree has only one link (Figure 6). This is 
due to the small number of instances (Table 3). The 
algorithm chose “Access to marketing info about DSS”, 
describing availability of information provided by DSS 
developers (i.e. name of the DSS, the problem it 

Figure 5. Classi"cation model for farmers in Southern 
Europe. The attribute values of farmers classi"ed in cluster 0 
are striped and highlighted in green, while the attribute val-
ues of farmers classi"ed in cluster 1 are highlighted in 
orange. The model correctly classi"ed 80.6% of the instances.

Figure 6. Classi"cation model for farm advisors in Northern 
Europe. The attribute value of farm advisors classi"ed in clus-
ter 0 are highlighted in orange, while the attribute value of 
farm advisors classi"ed in cluster 1 are striped and high-
lighted in green. The model correctly classi"ed 57.1% of the 
instances.
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addresses, access link, price etc.), as the most discrim-
inating attribute between clusters 0 and 1. Cluster 0 
consisted of farm advisors who do not have access to 
marketing information about DSS or those who only 
have occasional access to marketing information about 
DSS. Cluster 1 consisted of farm advisors who sub-
scribe to news about DSS.

3.3.4.1.  Northern Europe farm advisor cluster 0 – 
less inclined to use IPM DSS.  These farm advisors 
have relatively poorer access to information about 
DSS, as 48% do not have access to market information 
on DSS and 52% only have limited access to market 
information on DSS. Most of these farm advisors 
reported a partial improvement in farm productivity 
when using DSS (“Productivity improvement”), (61%), 
30% reported a great improvement and 9% either did 
not notice any improvement or have not yet used 
DSS. Most occasionally attend manufacturer’s 
demonstration workshops about DSS when invited 
(“Followed manufacturer’s demo”), (61%), and others 
did not attend them (35%). The majority of farm 
advisors in this cluster have access to high-speed 
internet in the office and in their clients’ fields (61%), 
but the proportion of advisors who do not have access 
to high speed internet in clients’ fields (“High-speed 
internet”) is quite high (35%).

3.3.4.2.  Northern Europe farm advisor cluster 1 – 
more inclined to use IPM DSS. These farm advisors 
had relatively good access to information about 
DSS, i.e. “subscribers to market news on DSS” 
(“Access to marketing info about DSS”). Most of 
these farm advisors had positive experience with 
DSS: 69% reported a great improvement in 
productivity using DSS and the rest (31%) reported 
a partial improvement through DSS (“Productivity 

improvement”). Most (69%) occasionally attend 
manufacturer’s demonstration workshops about 
DSS when invited (“Followed manufacturer’s 
demo”), and the rest (31%) attended them regularly. 
Of these farm advisors, 92% had access to high-
speed internet both in the office and in clients’ 
fields (High-speed internet”).

3.3.5.  Farm advisors in Central Europe
The farm advisors in Central Europe were classified 
into two clusters (0 and 1) using the clustering 
method. In the structure of the classification tree 
(Figure 7), the attribute (“Experience”) played the 
most important role. Cluster 0 consisted of farm 
advisors with less than 5 years of experience in agri-
cultural extension who had never attended a DSS 
demonstration (“Followed manufacturer’s demo”). 
Cluster 1 consisted of farm advisors with less than 5 
years’ experience in agricultural extension who occa-
sionally attend DSS demonstration workshops, and 
those with more than 5 years’ experience in farm 
extension.

3.3.5.1.  Central Europe farm advisor cluster 0 – less 
inclined to use IPM DSS.  All these farm advisors had 
less experience in agricultural extension (< 5 years), 
(“Experience”), and do not have access to marketing 
information about DSS (“Access to marketing info 
about DSS”) and the majority were younger (18 - 
35 years old), (83%). Of the farm advisors in this 
cluster, 67% had a higher preference for simple 
graphical presentation (lower complexity) of DSS 
results (“Output preference”).

Figure 7. Classi"cation model for farm advisors in Central 
Europe. The attribute value of farmers classi"ed in cluster 0 
are highlighted in orange, while the attribute value of farm 
advisors classi"ed in cluster 1 are striped and highlighted in 
green. The model correctly classi"ed 100% of the instances.

Figure 8. Classi"cation model for farm advisors in Southern 
Europe. The attribute values of farmers classi"ed in clusters 0 
and 1 are highlighted in orange while the attribute values of 
farm advisors classi"ed in cluster 2 are striped and high-
lighted in green. The model correctly classi"ed 94.1% of the 
instances.
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3.3.5.2.  Central Europe farm advisor cluster 1 – 
more inclined to use IPM DSS.  The majority of these 
farm advisors had more than 5 years’ experience in 
agricultural extension (“Experience”), (88%). 
Compared to advisors in cluster 0, the majority is 
relatively older (35-50 years old), (73%). Most have 
occasional access to marketing information about DSS 
(70%). Most farm advisors in this cluster prefer more 
detail in DSS outputs (“Output preference”), (80%). 
They felt a simple graphical presentation of the results 
is not sufficient and they would like an additional 
explanation in text form.

3.3.6.  Farm advisors in Southern Europe
The farm advisors in Southern Europe were classi-
fied into three clusters (0, 1 and 2) using the clus-
tering method, as their responses were more diverse 
compared to other groups of farmers and farm advi-
sors. In the structure of the classification model 
(Figure 8), the attribute “Crop type group”, which 
describes the group of crops predominantly grown 
by their clients (farmers), played the most important 
role. This was followed by the age of the farm advi-
sors (“Age”). Cluster 0 consisted of farm advisors 
advising mixed farms and farms growing other crops 
not covered by the previous categories. Cluster 1 
consisted of farm advisors who mainly advise farms 
growing perennial crops (orchards and vineyards) 
and are between 35 and 60 years old. Cluster 2 con-
sisted of farm advisors who advise farms growing 
annual crops (arable crops, vegetable crops, minor 
crops or ornamental plants) and farm advisors who 
mainly advise farms growing perennial crops 
(orchards and vineyards) and are between 18 and 
35 years old.

3.3.6.1.  Southern Europe farm advisor cluster 0 – 
less inclined to use IPM DSS.  These farm advisors 
mainly advise mixed farms and could therefore be 
referred to as “farm advisors for mixed farms”. In this 
cluster, 67% reported no access to marketing 
information about DSS, and the remaining 33% had 
only occasional access.

3.3.6.2.  Southern Europe farm advisor cluster 1 – 
less inclined to use IPM DSS.  These farm advisors 
advise farms that grow grapes and fruit and are 

between 35 and 60 years old. Most of them (67%) 
have occasional access to marketing information about 
DSS. However, a large proportion of them (33%) do 
not have access and none of them are subscribers to 
marketing information about DSS (Table 6).

3.3.6.3.  Southern Europe farm advisor cluster 2 – 
more inclined to use IPM DSS.  These farm advisors 
could be described as “advisors for farms producing 
arable crops, vegetables and ornamental plants, and 
younger generation advisors for viticulture and 
orchards”. Most of these advisors (64%) have occasional 
access to market information about DSS, 27% have no 
access, and 9% subscribe to marketing information 
(Table 6).

3.3.7  Barriers to IPM DSS uptake in Europe
Based on participant’s responses to the question-
naire, we assumed each discovered cluster as “more” 
or “less” inclined to use IPM DSS, compared to 
other cluster in the same region and the same user 
type (farmer or farm advisor). We extracted the key 
characteristics of farmers and farm advisors who 
were labelled as “less inclined” to use IPM DSS and 
compared their characteristics with those of farmers 
and farm advisors, who were labelled “more inclined” 
to use IPM DSS, and identified some of these char-
acteristics as barriers to IPM DSS adoption and use. 
These barriers are summarised in Table 7.

4.  Discussion

Due to the many challenges in improving the 
uptake and use of IPM DSS among decision mak-
ers, our research focused on identifying the attri-
butes among farmers and their advisors that are 
associated with uptake and use of DSS in IPM at 
regional and European levels. To address this chal-
lenge, we conducted a survey among farmers and 
farm advisors in 12 European countries. Among 
farm advisors in all three regions of Europe, we 
found a high level of understanding of the purpose 
of IPM DSS. Most farm advisors answered that 
IPM DSS are a complement to, and not a substitute 
for, their work. IPM DSS outputs are often based 
on one or more assumptions about the crop or 
previous management and need to be critically 

Table 6. Statistically signi"cant di#erences (p < 0.05) between the responses of farm advisors in Southern Europe for each 
cluster (0, 1 and 2).
Di#erence between clusters (p < 0.05) Crop type group Access to marketing info about DSS Age
cluster 0 – cluster 1 *
cluster 0 – cluster 2 * *
cluster 1 – cluster 2 * *
"*" indicate attributes where statistically signi"cant di#erences were found between the two clusters.
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evaluated before they are implemented. Farm advi-
sors therefore play an important role in promoting 
and increasing the use of DSS among farmers 
(Rose et  al. 2016). Communication between the 
farm advisors and farmers is crucial to successfully 
increase the use of DSS in agriculture, as it pro-
vides farmers with information on the reliability of 
DSS from someone they trust (Kuehne, Nettle, and 
Llewellyn 2019).

4.1.  Farmer attributes associated with uptake of 
IPM DSS across Europe

Farmers less inclined to use IPM DSS in all three 
regions of Europe share common barriers to the use 
of IPM DSS, namely a lack of trust in DSS and the 
perception that they lack IT knowledge.

4.1.1.  Farmers lack of trust and lack of experience 
with DSS
User trust in the system is crucial for the successful 
use of DSS (Lawrence, Goodwin, and Fildes 2002; 
Gent, De Wolf, and Pethybridge 2011; Rose et  al. 
2016). Trust is built on exposure to, and personal 
experience with, DSS. We found that a lack of trust 
in IPM DSS is a major barrier to uptake among 
farmers in Northern, Central, and Southern Europe 
which is in line with other research on this topic 
(Gent, De Wolf, and Pethybridge 2011; Rose et  al. 
2016). Many farmers, especially in Northern and 
Southern Europe, also had limited personal experi-
ence with DSS and had never attended a DSS 
demonstration. Meanwhile, farmers already using 
DSS, and/or attending demonstrations, had a higher 
level of trust in DSS. Greater access to IPM DSS 
demonstration workshops has been shown to 

improve adoption of improved farming approaches, 
using peer-to-peer learning approaches (Cooreman 
et  al. 2018; Ingram et  al. 2018). Farmers can wit-
ness and discuss the application of IPM DSS in 
practice, providing an opportunity for participants 
to share positive experiences with IPM DSS use 
and become their ambassadors. Demonstration 
workshops have a key role in convincing partici-
pants of the usefulness of DSS, addressing the low 
expectations for DSS to improve their productivity 
that has been identified as a barrier to uptake of 
IPM DSS. Showcasing the impact of DSS as part of 
a wider IPM strategy, and providing quantitative 
evidence of the costs and benefits, as well as the 
context specific considerations, is critical to improv-
ing uptake of DSS.

4.1.2.  Farmer’s experienced ease of use of DSS and 
their perceived lack of IT knowledge
Ease of use of IPM DSS and a perceived lack of 
IT knowledge were identified as barriers to uptake 
in Europe, similar to Hochman and Carberry 
(2011) research. These can be overcome through 
training and/or demonstration workshops about 
DSS. Although most of the DSS developed for 
IPM are not very complex or difficult to use, it 
still takes some time to become familiar with them 
and use them independently. Farmers attending 
training on the use of DSS will need less time to 
familiarise themselves with using the DSS and are 
more likely to adopt further DSS in the future. 
Such training workshops should focus on how to 
use DSS and interpret outputs, and should aim to 
eliminate the perception among potential users 
that they do not have sufficient IT skills to use 
IPM DSS.

Table 7. Identi"ed barriers to uptake of IPM DSS among farmers and farm advisors in Europe that were labelled as less 
inclined to use IPM DSS based on their responses to the questionnaire.

Barriers to uptake of IPM DSS by Farmers Barriers to uptake of IPM DSS by Farm advisors
Northern Europe • Lack of experience with DSS.

• Lack of trust in DSS.
• Perceived need for training in IT.

• Low participation in DSS demonstration workshops.
• Many only have internet access in the o$ce, but not 

in their clients’ "elds.
• Poor access to marketing information about DSS.

Central Europe • Lack of trust in DSS.
• Less open to using new technologies and to changes in general.
• Low willingness to pay for DSS, and low price of DSS is preferred.
• Perceived complexity of DSS; easy to use systems are preferred.
• Perceived need for training in IT.

• Low participation in DSS demonstration workshops.
• Poor access to marketing information about DSS.

Southern Europe • Lack of experience with DSS.
• Lack of trust in DSS.
• Low participation in DSS demonstration workshops.
• Low expectation for DSS to improve productivity.
• Poor access to high-speed internet.
• Perceived need for training in IT.

• Crop speci"c requirements and expectations from 
DSS. Special attention needs to be paid to crop types.

• Poor access to marketing information about DSS.
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4.1.3.  Farmer’s willingness to pay for IPM DSS
Farmers in Central Europe could be grouped by their 
willingness to pay for DSS. The first group consists of 
farmers with smaller farms, of which a very high pro-
portion (40%) were not willing to pay for DSS at all, 
and an equally high proportion (40%) were only will-
ing to pay if there is a subsidy for the use of such 
systems. In contrast, the vast majority of farmers in the 
second group are willing to pay even if no subsidy is 
available. This is an important barrier to DSS adoption 
among farmers, and the introduction of subsidies for 
the purchase of or subscription to DSS at both national 
and European level is likely to increase uptake. In 
Southern Europe, there was more widespread reluc-
tance to pay for IPM DSS.

4.1.4.  Farmer’s access to high-speed internet
A very important barriers for farmers in Southern 
Europe is access to high-speed internet, which can 
be a major infrastructural barrier. This particularly 
impacts DSS intended for use in the field that 
require internet connection for operation and data 
entry. A large proportion of farmers who were 
assumed to be less likely to use a DSS based on 
their responses to the questionnaire did not have 
access to high-speed internet across their farmland.

4.2.  Farm advisor attributes associated with 
uptake of IPM DSS across Europe

A common barrier to the use of DSS among farm 
advisors in all three regions of Europe is poor access 
to marketing information about DSS.

4.2.1.  Farm advisor access to IPM DSS market 
information and IPM DSS demonstrations
Across Europe, access to market information on IPM 
DSS and participation in demonstration workshops on 
DSS were very important factors influencing farm 
advisor attitudes towards IPM DSS. Farm advisors who 
have better access to market information on IPM DSS 
also have more positive attitudes towards DSS use. 
Access to market information about DSS was the big-
gest barrier to DSS adoption. This is in line with the 
findings of Rose et  al. (2016), who described level of 
marketing as a driving factor for the adoption and use 
of DSS. This barrier could be systematically addressed 
through regionally coordinated training programmes, 
and access to demonstration workshops.

4.2.2.  Farm advisor access to high-speed internet
Most farm advisors in Northern Europe have access 
to high-speed internet, both in the office and on all 

their clients’ farmland. However, a large proportion 
(35%) of farm advisors in Northern Europe, whom 
we assumed to be less likely to use DSS based on 
their responses, have access to high-speed internet 
only in the office, but not on all their clients’ fields. 
The infrastructural barriers already described in the 
case of farmers in Southern Europe were also found 
among farm advisors in Southern Europe, as a large 
proportion of farm advisors in Southern Europe 
answered that they only have access to high-speed 
internet at home or in the office, but not in all areas 
of their clients’ fields. Developers of DSS in this 
region are therefore advised to develop systems that 
are designed for office use, or those that allow data 
entry from the fields even without a high-speed 
internet connection.

4.2.3.  Farm advisor crop speci"c uptake
In Southern Europe, the use or willingness to use 
DSS is related to the type of crop for which they 
advise. Among farm advisors, we found that their 
expectations and needs regarding DSS strongly 
depend on the type of crop grown on their clients’ 
farms. As Rose et  al. (2016) have already pointed 
out, the relevance of DSS is of great importance for 
the uptake and use of DSS. The results of our survey 
show that farm advisors in Southern Europe who 
advise farms where mainly annual crops (arable, 
vegetables and ornamentals) are grown are the most 
inclined to use IPM DSS.

4.3.  Application of results

We are facing increasingly severe impacts of climate 
change (Shukla et  al. 2019) and the accompanying 
increased pressure of some pests on some crops and 
increased use of some pesticides (Bale et  al. 2002; 
Taylor et  al. 2018). Increased uptake and access to 
IPM DSS would help to improve the decision-making 
process for a more optimal and efficient use of pes-
ticides and consequently enable a reduction in pesti-
cide use (Johnen and Meier 2000; Caffi, Rossi, and 
Bugiani 2010; Jones et  al. 2010; Caffi et  al. 2012; 
Rossi et  al. 2014; Damos 2015, Kanatas et  al. 2020; 
Lázaro, Makowski, and Vicent 2021), thereby pursu-
ing the objectives of sustainable use of pesticides as 
defined in the Directive on the Sustainable Use of 
Pesticides (Directive 2009/128/EC). The complemen-
tary use of data mining and statistical methods 
allowed us to overcome the analytical limitations 
imposed by the structure and size of the data col-
lected through questionnaires. This approach allowed 
us to identify the main barriers and incentives to 
DSS adoption among farmers and their advisors 
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across Europe. We demonstrated that the data min-
ing methods that are primarily applied to large data 
sets (Witten et  al. 2016) can also be used to extract 
information from relatively small data sets.

Across Europe, the key barrier for farmers was a 
lack of experience and trust in IPM DSS. 
Underpinning this are concerns that either individ-
ual DSS do not adequately reflect the conditions on 
their farm, or that the DSS outputs do not fit with 
their existing crop protection strategy (Rossi, Caffi, 
and Salinari 2012). Increased transparency of IPM 
DSS development, and associated assumptions and 
limitations, is needed to engage and build trust 
between developers, farmers and farm advisors. In 
addition, regional demonstration of DSS in practice 
within a relatable context, will encourage farmers 
and their advisors to trial the use of IPM DSS on 
their farms. The most effective route to achieving 
this is through open access to a range of transpar-
ent IPM DSS, and regional networks demonstrating 
IPM DSS in action (Rossi et  al. 2019). Improving 
support provided to farmers by their advisors will 
also support improved trust and uptake; however, 
we also found that the farm advisors needed access 
to improved market information about IPM DSS to 
increase uptake. Improved support can be achieved 
through the same regional demonstration networks, 
providing IPM DSS training and workshops in par-
allel to demonstration activities (Lacoste and Powles 
2016). Over time, as novel IPM DSS are developed, 
crop management strategies evolve, and climate 
change leads to changes in pest ecology, farmers 
and their advisors will require ongoing access to 
up-to-date systems, approaches, and training, 
requiring long term support networks.

Education and training with IPM DSS could be 
extended in the curricula of agricultural high schools, 
colleges and universities in order to adapt to environ-
mental standards and industry progress (Durmuş and 
Dağli 2017). Such education or training programmes 
could be longer than the one-day workshops men-
tioned above and could take place throughout the 
growing season, so that both young farmers and poten-
tial future farm advisors get a good introduction to the 
use of such tools (Voogt et  al. 2005; Zhou et  al. 2015). 
This requires a high degree of willingness on the part 
of professors or the involvement of professors in seek-
ing external help (e.g. developers or providers of DSS). 
Since the developers or providers of DSS would engage 
with potential end users through this collaboration, we 
would expect them to be open to collaboration 
(Bruneel, d’Este, and Salter 2010). Improving stake-
holder involvement in DSS development, either through 
demonstration networks or extended training pro-
grams, would also promote trust in their application 

(Lacoste and Powles 2016). Developers would get much 
needed feedback from potential users and develop tools 
that have a much higher utility value and could there-
fore increase the adoption of such DSS.

In addition to improving trust in IPM DSS, 
there is also a need for investment in essential 
infrastructure and access. In all parts of Europe, 
but most notably in the Southern region, a lack of 
high-speed internet in the field (and in some areas 
in the office) is a barrier to IPM DSS uptake, along 
with any direct costs associated with access to IPM 
DSS. This requires National and international gov-
ernment incentives and/or agri-environmental pol-
icy changes, including investment in infrastructure 
and/or introduction of subsidies to facilitate access 
to and use of DSS, alongside support for advanced 
technologies that contribute to reduced use of pes-
ticides and more effective implementation of IPM 
practices. In practice, this requires financial and 
practical support for open access IPM DSS, demon-
stration networks, and training at a national level.

5.  Conclusions

We have identified the barriers and incentives to 
access and uptake of DSS by farmers and farm advi-
sors across Europe, as well as the specific barriers 
and incentives in the different regions of Europe. 
This will allow us to steer future research towards 
finding appropriate region-specific solutions to over-
come these barriers. We have also proposed a 
method for analysing the data collected by ques-
tionnaires, which are characterised by a large 
amount of information scattered across the usually 
wide range of answers to the questions. Our meth-
odological approach proved to be effective despite 
the relatively small number of fully completed ques-
tionnaires. We were able to extract important 
insights and make informed interpretations from 
the very scattered information provided by the 
answers to the questions.

We have identified the need to organise educa-
tional or demonstration workshops as well as includ-
ing DSS training in agricultural schools and 
universities as one of the most promising pathways to 
increase the uptake of IPM DSS in Europe, which 
should aim at informing farmers and farm advisors 
about the features and benefits of IPM DSS. The 
organisation of such training programs should be 
incorporated into course at agricultural high schools, 
colleges, universities; or applied research organisations 
in cooperation with the developers or providers of 
IPM DSS; or by national or regional extension ser-
vices. In addition, national support to improve access 
to IPM DSS through open access platforms, and 
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improved high-speed internet access would encourage 
greater use of IPM DSS on farms across Europe.

With the implementation of the proposed measures 
to overcome the identified barriers to the adoption and 
use of DSS in IPM across Europe, we could expect a 
gradual increase in the use of DSS among farmers and 
farm advisors. Increasing implementation of IPM prac-
tices would contribute to a more sustainable use of 
pesticides and a reduced impact of pesticides on the 
environment, thus pursuing the objectives of sustain-
able use of pesticides as defined in the Directive on the 
Sustainable Use of Pesticides (Directive 2009/128/EC).

Although the research focused on identifying 
region-specific barriers to DSS adoption in Europe, 
the findings can also be applied in a broader context 
in other parts of the world. The lack of accessible 
information about IPM DSS, the low level of trust in 
IPM DSS, and the lack of accessible information 
infrastructure (e.g. no access to high-speed internet) 
should be taken into account in all countries and/or 
by all institutions trying to improve the adoption of 
IPM DSS among farmers and farm advisors.

Notes

 1. Polyvalence in this context is the property of a DSS 
to predict multiple pests or pests for multiple crops.

 2. Marketing information about DSS is information 
about the name of the DSS, the problem it solves, 
where (e.g. link) you can access it, where (e.g. coun-
try, region) you can use it (validation data), the data 
needed, its price, etc.
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(continued)

Appendix A:  Farmers
(e attributes “Country”, “Region” and “Cluster” were not used for dimensionality reduction or clustering. (e attribute “Region” was created 
from the “Country” data and used to divide the dataset into three separate datasets (i.e. farmers from Northern Europe, Central Europe and 
Southern Europe). (e attribute “Cluster” was added a.er clustering and used as a target variable for the classi*cation trees.

Table A1. Attributes, questions to which they refer and possible answers in the questionnaire for farmers.

Attribute Question related to the attribute
Possible answers (values)

1 2 3 4 5
Age Which is your age group? 18 to 25 25 to 35 35 to 50 50 to 60 60 or more
Already used DSS* Have you already used decision 

support systems?
Yes No

Appreciate change* On a scale from 1 to 7, how much 
do you appreciate change in 
general?

1, + 2, + 3, + 4 = 1 (not 
important)

5, + 6 = 2 
(important to 
some extent)

7 = 3 (very 
important)

Clusters ►Result of clustering (HDBSCAN). 
Attribute was added after 
dimensionality reduction and 
clustering.

−1 (outlier) 0 1

Computer at home Do you have a computer at 
home?

Yes No

Country In which country are you based? ►Open question. The survey was conducted in 12 European countries: Denmark, Finland, 
France, Germany, Greece, Italy, Lithuania, Netherlands, Slovenia, Sweden, United 
Kingdom, and Norway. There were no farmers present on workshop in Norway.

Degree What is the highest degree you 
have attained?

Others Vocational Bachelor Masters PhD

DSS must be 
tailored*

Would you consider it necessary 
that a decision support system 
is tailored to your farm’s 
characteristics?

Not necessary Yes, if possible Required

Enjoy using new 
technology*

On a scale from 1 to 7, how much 
do you enjoy using new 
technologies?

1, + 2, + 3, + 4 = 1 (not 
important)

5, + 6 = 2 
(important to 
some extent)

7 = 3 (very 
important)

Farm size* Your farm is: Under 5 ha 5-10 ha 10-30 ha 30-60 ha over 60 ha
Followed 

manufacturer’s 
demo*

Have you followed a 
manufacturer’s demonstration 
of a decision support system?

Never Occasionally by 
invitation

Regularly

Gender* What is your gender? Male Female Non-binary I prefer not 
to say

Importance of low 
price*

Please rate from 1 (not important 
at all) to 7 (very important) the 
importance of “low price” for a 
decision support system.

1, + 2, + 3, + 4 = 1 (not 
important)

5, + 6 = 2 
(important to 
some extent)

7 = 3 (Very 
important)

Importance of easy 
to use*

Please rate from 1 (not important 
at all) to 7 (very important) the 
importance of “easy to use” for 
a decision support system.

1, + 2, + 3, + 4 = 1 (not 
important)

5, + 6 = 2 
(important to 
some extent)

7 = 3 (very 
important)

Importance of 
e$ciency*

Please rate from 1 (not important 
at all) to 7 (very important) the 
importance of “e$ciency” for a 
decision support system.

1, + 2, + 3, + 4 = 1 (not 
important)

5, + 6 = 2 
(important to 
some extent)

7 = 3 (very 
important)

Importance of 
polyvalence*1

Please rate from 1 (not important 
at all) to 7 (very important) the 
importance of “polyvalence” for 
a decision support system.

1, + 2, + 3, + 4 = 1 (not 
important)

5, + 6 = 2 
(important to 
some extent)

7 = 3 (very 
important)
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Attribute Question related to the attribute
Possible answers (values)

1 2 3 4 5
Income* What is your average yearly 

income from your farming 
activity?

Less than 20.000 € Between 20.000 
€ and 35.000 
€

Between 35.000 
€ and 50.000 
€

Between 
50.000 € 
and 
75.000 €

More than 
75.000 €

Legislative 
requirements*

Do you need to satisfy some 
legislative or market 
requirements (e.g. limits of 
fertilizers use, time of pesticide 
applications, …)?

Yes No

Need IT teaching* Would you need additional 
computer-related education?

No If available, yes I need it 
urgently

Price important 
factor

Is price an important factor of 
your decision to use or not a 
given decision support system?

Yes No

Productivity 
improvement*

Do you think that the use of a 
decision support tool may 
improve your decision-making 
process and productivity?

No, not at all. I am not sure Probably Yes, for 
sure

Region ►Countries from attribute 
"Country" were combined in to 
three regions.

Northern Europe Central Europe Southern Europe

High-speed 
internet*

Do you have access to high-speed 
internet?

No Yes, in the o$ce 
but not in 
the "elds

Yes, both in the 
o$ce and in 
the "elds

Trust in DSS* On a scale from 1 to 7, how much 
would you trust the guidance 
of a decision support system?

1, + 2, + 3, + 4 = 1 (not 
important)

5, + 6 = 2 
(important to 
some extent)

7 = 3 (very 
important)

Willing to try new 
products*

Are you willing to try new 
products and services?

Yes Sometimes Never

WTP for DSS* Are you willing to pay in order to 
use a decision support system?

No Only if a 
subsidy is 
available

Yes

*Statistically signi"cant di#erences between farmers classi"ed in at least two clusters.
+ indicates separate answers in the questionnaire that were combined for the purposes of this research.
► marks important note and does not describe question or answer(s).

Table A1. Continued.
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Appendix B:  Farm advisors
(e attributes “Country”, “Region” and “Cluster” were not used for dimensionality reduction or clustering. (e attribute 
“Region” was created from the “Country” data and used to divide the dataset into three separate datasets (i.e. farm 
advisors from Northern Europe, Central Europe and Southern Europe). (e attribute “Cluster” was added a.er cluster-
ing and used as a target variable for the classi*cation trees.

Table B1. Attributes, questions to which they refer and possible answers in the questionnaire for farm advisors.

Attribute Question related to the attribute
Possible answers (values)

1 2 3 4
Access to marketing 

info about DSS2*
Do you have access to marketing 

information about decision 
support systems?

No Occasionally only Yes, I’m subscribed to 
receive news 
concerning decision 
support systems

Age* Which is your age group? 18 to 25, + 25 to 35 35 to 50, + 50 to 
60

60 or more

Clusters ►Result of clustering (HDBSCAN). 
Attribute was added after 
dimensionality reduction and 
clustering.

0 1 2

Country In which country are you based? ►Open question. The survey was conducted in 12 European countries: Denmark, Finland, 
France, Germany, Greece, Italy, Lithuania, Netherlands, Slovenia, Sweden, United 
Kingdom, and Norway.

Crop type group* What is the prevailing crop type 
of your clients?

Arable 
crops + Vegetables + Minor 
crops + Flowers

Vineyards + Orchards Other + mixed 
categories

Degree What is the highest degree you 
have attained?

Others (please specify), + 
Vocational quali"cation

Bachelor’s degree, + 
Master’s degree, 
+ PhD

Evidence required Do you require evidence-based 
proofs from developers?

No Sometimes If available always

Experience* How long have you been working 
in farm consulting?

Less than 2 years, + Between 2 
and 5 years

Between 5 and 
10 years, + More 
than 10 years

Farm scale What is the farm scale structure 
of the majority of your clients?

Small family farms (0 – 10 ha) Midsize farms (10 
- 30 ha)

Large farms (> 30 ha) Mixed

Followed 
manufacturer’s 
demo*

Have you followed a 
manufacturer’s demonstration 
of a decision support system?

Never Occasionally by 
invitation

Regularly

Gender What is your gender? Male Female Non-binary I prefer 
not to 
say

How often do you 
use DSS

How often do you use decision 
support systems to "nd the 
best pest management 
strategy in a given situation?

Never Rarely + Sometimes often + very often

Legislative 
requirements

Do your clients need to satisfy 
some legislative or market 
requirements (e.g. limits of 
fertilizers use, time of pesticide 
applications, …)?

Yes No

Output preference* Is a simpli"ed graphical output 
from a decision support 
system enough for your 
needs?

Yes No, both graphic 
and textual 
outputs are 
needed

Productivity 
improvement*

Does the use of a decision 
support system improve your decision- 
making process and 
productivity?

No use of DSS at all, + No 
improvement

Some improvement Great improvement

Region ►Countries from attribute 
“Country” were combined into 
three regions.

Northern Europe Central Europe Southern Europe

High-speed 
internet*

Do you have access to high-speed 
internet?

No In the o$ce but 
not in all the 
"elds of my 
clients

Yes, both in the o$ce 
and in the "elds of 
my clients

Substitute or 
complement

Do you think decision support 
systems are a substitute or 
complement to your job?

Complement Substitute

*Statistically signi"cant di#erences between farm advisors classi"ed in at least two clusters.
+ indicates separate answers in the questionnaire that were combined for the purposes of this research.
► marks important note and not question or answer(s).
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Chapter 4

Integrating Computer Vision in
Marine Biology

This chapter presents the contributions related to the development of an accessible com-
puter vision method with high confidence for phytoplankton biology.

Phytoplankton plays a key role in the production of organic matter and the carbon
cycle in the sea. Its diversity influences the structure and processes of marine ecosystems,
with the size and shape of the cells being crucial for nutrient uptake. Climate change, which
manifests itself in increased seawater temperatures and changing river patterns, leads to
smaller phytoplankton cells, which can alter marine ecosystems and their functions.

To investigate how climatic shifts affect the physiology and community structure of phy-
toplankton, this work developed a specialised computer vision system that can accelerate
and automate the monitoring and analysis of microscopic images of selected phytoplankton
species. The computer vision system performs object detection and instance segmentation
tasks. In object detection, objects in an image are classified and localised by drawing a
bounding box around the objects, which facilitates the counting and identification of ob-
jects in an image. Instance segmentation involves detecting and delimiting the individual
objects in an image, which enables precise measurement of the individual objects. For
marine biologists, visual explanation and accessibility through transfer learning improves
the confidence of the ML system.

The approach uses transfer learning, in which generic, pre-trained YOLOv8 computer
vision models are fine-tuned with microscope images from the Adriatic Sea. The develop-
ment was done in Python within JupyterLab, the latest interface of the Jupyter project
(Kluyver et al., 2016), the YOLOv8 computer vision library, the scikit-learn library for
ML (Pedregosa et al., 2012), pandas (McKinney et al., 2010) and for visualisation seaborn
(Waskom, 2021) and Matplotlib (Hunter, 2007).

The results of this study demonstrate the effectiveness of using computer vision tech-
niques to identify phytoplankton and estimate biovolume. After fine-tuning, the YOLOv8
Nano models showed high accuracy in the detection and segmentation of phytoplankton
cells from the microscopic images of the two species. High mAPs indicate that the model
could accurately localise and classify phytoplankton species and that the segmentation
masks generated by the model were precise and provided an accurate estimate of cell
surface area, which is required for phytoplankton biovolume estimation.

This study demonstrates the potential of computer vision techniques, in particular
instance segmentation and object detection, in analysing phytoplankton community struc-
ture. The study shows that it is possible to fine-tune a generic pre-trained model trained
on out-of-domain images, and that this is possible even with a relatively small training
dataset. Compared to manual analysis, the developed method significantly increases the
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number of samples that can be processed. This increase in sample size allows for a more
robust and ecologically relevant assessment of phytoplankton community structure. The
approach reduces the dependence on experienced taxonomists and makes it a scalable
solution for long-term ecological monitoring.

This work directly addresses the following hypotheses defined in the introduction:

H5: Effective computer vision models for marine biology research can be developed
via transfer learning on limited training data, and their trustworthiness increased with
explainability methods.

Hypotheses H5 is fully confirmed by the results presented in this chapter.

The complete work is presented in the following publication and is included below:

Marzidovšek, M., Mozetič, P., Francé, J., & Podpečan, V. (2024). Computer Vision
Techniques for Morphological Analysis and Identification of Two Pseudo-nitzschia Species.
Water, 16(15), 2160.

The work was also presented at the 6th Biennial Conference of the Nordic Society Oikos
(NSO) in Lund, Sweden, in 2024 and included in the publication:

Marzidovšek, M., Mozetič, P., Francé, J., & Podpečan, V. (2024). Analyzing the phy-
toplankton community structure with computer vision. Nordic Oikos 2024: Abstract Book,
83.

Martin Marzidovšek contributed to this work as follows: conceptualisation, method-
ology, software, formal analysis, writing —original draft, writing — review and editing,
visualisation.
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Abstract: The diversity of phytoplankton influences the structure of and processes that occur in
marine ecosystems, with size and other morphological traits being crucial for nutrient uptake and
retention in the euphotic zone. Our research introduces a machine learning method that can facilitate
the analysis of phytoplankton functional traits from image data. We use computer vision to identify
and quantify phytoplankton species and estimate size-related traits based on cell morphology. The
study uses transfer learning, where generic, pre-trained YOLOv8 computer vision models are fine-
tuned with microscope image data from the Adriatic Sea. The study shows that, for this task, it is
possible to effectively fine-tune models trained on out-of-domain images and that this is possible with
a small training dataset. The results show high accuracy in detecting and segmenting phytoplankton
cells from the microscopic images of the two selected phytoplankton taxa. For detection, the model
achieves AP scores of 88.1% for Pseudo-nitzschia cf. delicatissima and 90.9% for Pseudo-nitzschia cf.
calliantha, while for segmentation, the scores are 88.4% for Pseudo-nitzschia cf. delicatissima and 91.2%
for Pseudo-nitzschia cf. calliantha. Compared to manual image analysis, the developed automatic
method significantly increases the number of samples that can be processed.

Keywords: computer vision; transfer learning; machine learning; phytoplankton; cell size; marine
biology

1. Introduction

Phytoplankton are marine microorganisms that are crucial for the production of or-
ganic matter and the carbon cycle in the oceans and account for about 50% of global primary
production [1]. These microorganisms play an important role in structuring pelagic food
webs and the ocean’s biological carbon pump [2] and their diversity and community
structure are important indicators of the health of marine ecosystems. The diversity of phy-
toplankton influences the structure of and processes that occur within marine ecosystems,
with cell size and size-related traits being critical factors for nutrient uptake and retention
within the euphotic zone. Climate change, which is characterised by increased seawa-
ter temperatures and stratification, is leading to a trend towards smaller phytoplankton
cells [3].

It is important to understand how changing physical and chemical conditions in the
sea affect phytoplankton physiology and community structure, and how these changes
disrupt marine ecosystems and their functions. Understanding these impacts is critical
for assessing the health of aquatic ecosystems and predicting future changes in primary
production, biomass and carbon export to the seafloor. For this reason, information on
phytoplankton functional traits is crucial for aquatic ecologists to assess trait variability
and link diversity to ecosystem functioning [4]. The body or cell size of microorganisms
is considered a master trait, not only because other morphological traits can be derived
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from it, but also because it influences other general traits such as resource acquisition and
defence [5].

Conventional microscopy techniques for determining the abundance, diversity and
cell size of phytoplankton are time consuming and require experienced taxonomists. These
limitations hinder the processing of the large amount of samples required for a comprehen-
sive analysis.

Recently, the use of machine learning (ML) in aquatic ecology and marine biology has
evolved significantly due to the need to process large-scale ecological data efficiently and
accurately. Automated computer vision systems can now process large datasets of micro-
scope images quickly and with high precision, reducing the reliance on human experts
and making them invaluable tools for ecological monitoring. These advances have been
made possible by deep neural networks (DNNs), which are able to learn complex patterns
and representations from large datasets [6]. Deep learning, which encompasses a range of
deep neural network architectures, has been critical to advances in computer vision. DNN
architectures such as convolutional neural networks (CNNs) [7,8] have demonstrated ex-
ceptional capabilities in image analysis, enabling the automatic identification, classification
and segmentation of objects. Transfer learning, a technique in which a model trained on a
large dataset is fine-tuned on a smaller, domain-specific dataset (see [9,10] for reviews), has
further increased the utility of DNNs in specialised domains where training data are scarce.

These technologies have been used for various tasks such as species identification,
behavioural analysis and monitoring populations of marine organisms [11]. These applica-
tions have significantly expanded the scope and scale of marine research, allowing scientists
to gain insights that were previously difficult to obtain manually. An earlier example of
an ML approach comes from [12], who developed an automated classification system for
phytoplankton using imaging-in-flow cytometry that combined various image features and
a support vector machine and achieved a high classification accuracy. Recent studies have
shown the effectiveness of deep learning models such as CNNs in analysing phytoplankton
images [13]. These models can be trained on large datasets of labelled images to detect
different phytoplankton species with high accuracy.

Ciranni et al. [14] provide a comprehensive analysis of the wide range of computer
vision techniques and methods that have emerged to facilitate the automated analysis
of small- to large-scale datasets of plankton images. One of the studies presented is
by the authors of [15], who applied a deep learning-based object detection system for
specimen classification on their PMID2019 dataset (10,819 microscopic phytoplankton
images with 24 different categories) and compared baseline performances with state-of-
the-art object detection models such as Faster R-CNNs, an FPN, a Single-Shot-Detector
(SSD) [16], a YOLOv3 [17] and a RetinaNet [18]. When training and testing on the six
most common classes and with IoU thresholds of 0.5 and 0.75, they achieved an average
precision (AP) score of 90% regardless of the model, with the best performance achieved
with YOLOv3 at 93.10%. When evaluated at an IoU of 0.75, YOLOv3 was the worst model
with a score of 82.81%, while FPN was the best model with 89.19%. In another study, Luo
et al. [13] used CNNs to analyse plankton images (23.4 million images with 108 classes
divided into 38 groups) by performing segmentation and classification, for which they
achieved an average precision of 84% and recall of 40% for all groups.

Despite the successes, there are still some challenges in the application of ML and
computer vision in aquatic ecology. One of the biggest challenges is the need for large,
annotated datasets to effectively train deep learning models. Annotating images is a time-
consuming process that requires expert knowledge. Transfer learning can be a solution
to this challenge as it can significantly reduce the training data requirements. Lysenko
et al. [19] focused on the classification of Baikal phytoplankton using CNNs and achieved
significant accuracy by using transfer learning.

As emphasised by [20], the ability of today’s imaging systems can go well beyond only
examining abundances of different taxa. According to them, the extraction of functional
traits will be the next development in ML-based analysis of ecological images. They
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therefore suggest promising avenues for ML and computer vision approaches to extract
information about functional traits from the images, such as biovolume estimation, which
is of interest to our study.

The aim of this work is to develop a dedicated computer vision method that can accel-
erate and automate the monitoring and analysis of microscopic images of phytoplankton
taxa. Besides the identification and localisation of phytoplankton species in image data,
this method can also provide information on important traits such as cell size by predicting
the cell area via instance segmentation with ML. The selection of the model objects—two
species of Pseudo-nitzschia—was based on their ecological importance. These species, along
with others from the same genus, are an important component of the phytoplankton com-
munity in the Gulf of Trieste [21,22]. Additionally, some species of this genus are potentially
toxic, including the two selected taxa [23,24]. Therefore, improving methods for identifying
species and distinguishing between potentially toxic and non-toxic species can significantly
contribute to controlling seawater quality in designated aquaculture sites.

2. Materials and Methods

To train the computer vision model, a training dataset with labelled images had to
be created. The microscopic images for this study were obtained from seawater samples
collected in May/June 2023 from the southeastern part of the Gulf of Trieste (Adriatic
Sea). A total of 306 images of phytoplankton were taken at 400× magnification using
the Zeiss AxioObserver Z1 microscope with an integrated AxioCam Mrc5 digital camera.
These images contained two species of interest, Pseudo-nitzschia cf. delicatissima (167 images)
and Pseudo-nitzschia cf. calliantha (139 images), with the identification constrained by the
limitations of light microscopy (Figure 1). For annotation, the distinction between the two
taxa was based on the width of the transapical axis (smaller in P. cf. delicatissima) and on
the characteristic overlapping of the cell ends in P. cf. delicatissima.

(a) (b)
Figure 1. Microscopic images of cells (elongated dark shaded objects) from the two phytoplankton
species of interest P. cf. delicatissima (a) and P. cf. calliantha (b).

A total of 265 of the 306 microscopic images were manually annotated by identifying
individual cell species, and drawing bounding boxes and segmentation masks. The open-
source tool Computer Vision Annotation Tool (CVAT) [25] was used for this. These steps
were crucial for the creation of a high-quality dataset for training the computer vision
models. For cell area estimation, the model must predict a mask that covers the cell’s
surface, which requires accurate annotation masks. To evaluate its performance, the labelled
dataset was split into a training (80%, 211 images) and a test dataset (20%, 54 images) using
stratified random sampling to maintain the class distribution in both sets. In addition,
the model internally performed data augmentation that included the following operators:
hue, saturation, brightness, translation, scaling, flipping, and mosaic. Due to the small
amount of labelled data, no tuning of the hyperparameters was performed.
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To achieve the goal of the study, the computer vision system had to perform object
detection and instance segmentation tasks. In object detection, objects in an image are
classified and localised by drawing a bounding box around the objects, which facilitates the
counting and identification of objects in an image. Instance segmentation involves detecting
and delimiting the individual objects in an image, which enables precise measurement of
the individual objects.

Due to the limited amount of training data (only 211 images for the two phytoplankton
species), the approach involved fine-tuning two generic pre-trained models: one for object
detection and one for instance segmentation. The models from the You Only Look Once
(YOLO) series, in particular YOLOv8 (https://yolov8.com/, accessed on 29 July 2024),
are among the most effective for these tasks. YOLO models are known for their speed
and accuracy, making them suitable for real-time applications [17]. The architecture of the
YOLOv8 model consists of (1) Backbone (CSPDarknet53, a CNN responsible for feature
extraction), (2) Neck (C2f module that combines high-level semantic features with low-level
spatial information) and (3) Head (making predictions) [26].

For this study, we selected the smallest Nano YOLOv8 models with 3.2 million (detec-
tion) and 3.4 million (segmentation) parameters. Both were pre-trained on the Common
Objects in Context (COCO) dataset for large-scale object detection, segmentation and la-
belling [27]. Then, transfer-learning was used to fine-tune the pre-trained YOLOv8 model
by re-training it on our annotated training dataset. This adapted the model to the specific
characteristics of the selected phytoplankton species and improved its ability to accurately
segment and detect individual phytoplankton cells. Key hyperparameters for training
included a learning rate of 0.01, an image size of 1920 × 1920 pixels and a batch size of 16.
The model was trained for 70 epochs, with training loss monitored to ensure convergence.

The performance of the model was evaluated using standard metrics for object detec-
tion and instance segmentation, including mean average precision (mAP) and intersection
over union (IoU). IoU is a metric used to evaluate the accuracy of an object detector by com-
paring the overlap between the predicted bounding box and the ground truth bounding
box. mAP is a crucial performance measure that captures the trade-off between precision
at different levels of recall to evaluate the overall accuracy of object detection or segmen-
tation models across multiple classes and selected IoU thresholds. These metrics provide
a measure of the model’s accuracy and precision in phytoplankton cell detection and
segmentation. For an additional qualitative inspection of the results, a limited random
sample (10% of the test set) of the predicted bounding boxes and segmentation masks was
visualised and manually inspected to improve understanding of the models’ results and
trustworthiness with domain experts (see Figure 3).

The development was performed in Python within JupyterLab, the latest interface of
the Jupyter project [28], YOLOv8 computer vision library, the scikit-learn machine learning
library [29], pandas [30] and, for visualisations, seaborn [31] and Matplotlib [32].

3. Results

After fine-tuning, the YOLOv8 Nano models showed high accuracy in the detection
and segmentation of phytoplankton cells from the microscopic images of the two species.
For the detection, at an IoU of 0.5, the mAP for both species was 89.5%, and the AP was
88.1% for Pseudo-nitzschia-delicatissima and 90.9% for Pseudo-nitzschia-calliantha. For seg-
mentation, the values were similar. The mAP for both species was 89.8%, and the AP was
88.4% for Pseudo-nitzschia-delicatissima and 91.2% for Pseudo-nitzschia-calliantha. At higher
IoU thresholds (0.50 to 0.95), the mAP scores for both classes were 71.3% for detection and
51% for segmentation, respectively. Such mAPs indicate that the model could accurately
localise and classify phytoplankton species and that the segmentation masks generated by
the model were precise and provided an accurate estimate of cell area. Figure 2 shows the
performance metrics for evaluating the model on the test set.
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(a) detection (b) segmentation

Figure 2. Performance metrics of the model’s evaluation on the test set for both tasks, (a) object
detection and (b) instant segmentation. The area under the curve is the AP for each class and mAP
for both classes.

Figure 3. Visual inspection of the predicted classes, bounding boxes and segmentation masks.
Separately drawn masks show the precision of the masks and how the model was able to discern
difficult areas where cells chain together. While a few pixels in the difficult areas at the beginning
and end of the cells are not correctly predicted, the most of the cells’ bodies are drawn out correctly.

Furthermore, a visual inspection of the predicted bounding boxes and segmentation
masks confirmed the precision of the models’ results (Figure 3). It is important to note that
the chaining of the cells of P. cf. calliantha and especially P. cf. delicatissima makes it difficult
even for human annotators to distinguish one cell from another at the contact points where
the cells chain together (Figure 3). This also makes the segmentation task very difficult for
the computer vision model. Nevertheless, the model also performed quite well on this task,
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less optimal performance can be observed in the areas where the cells overlap since the
model is struggling to discern to which cell instance a pixel belongs (Figure 3).

To investigate how the distributions of the actual cell area for both taxa correspond to
the predicted ones, we superimposed the ground truth and predicted cell area distributions
(Figure 4). The distributions of the ground truth (Figure 5) and the predicted cell area
(Figure 4) show a similar pattern, indicating that the model is able to generalise well to new
data. This indicates that the model can reliably estimate the cell area of phytoplankton.

Figure 4. When superimposing distributions of the ground truth and predicted phytoplankton cell
area it becomes apparent how the distributions of the areas of the predicted masks correspond to
the actual cells area. This is a further indication of the quality of the model’s predictions, as the
distribution patterns are similar.

Figure 5. The two plots show how the actual cell areas are distributed for each of the Pseudo-nitzschia
species. On the horizontal axis is the number of pixels representing the cell area and on the vertical
axis is the number of cells with this cell area in the dataset. As you can see, P. cf. delicatissima has a
more narrow and P. cf. calliantha a wider range of cell areas.
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4. Discussion

The results of this study demonstrate the effectiveness of using computer vision
techniques to identify phytoplankton and estimate important functional traits, such as
cell size and biovolume. Our methodology closely matches the proposed protocols for
characterising the functional traits of plankton from image data as described in a recent
comprehensive review of ML techniques in [20]. The authors point out that biovolume and
biomass can be estimated from the measured area of an organism or cell, and mention the
application of segmentation algorithms when research requires pixel-level analysis. They
also recommend evaluating the performance of the algorithms with the mAP score.

One of the challenges the study faced was the limited number of labelled images.
This problem was addressed using transfer learning which allowed the model to leverage
knowledge gained from pre-training on the COCO dataset. Our results show that fine-
tuning of a generic pre-trained computer vision model is possible with a relatively small
number of images, even if these images are from different domains (e.g., the COCO dataset
does not contain microscopic images). This is in line with similar studies on plankton
ecology where the benefits of using such approaches for classification have been reported
(e.g., [33,34]).

Most similar published work is on marine plankton differentiation (classification)
and detection; however, for comparisons to our study, the most suitable are those dealing
with instance segmentation on plankton images, which are less abundant. The recent
comprehensive review on automatic plankton image recognition by [35] only mentions
the comparison in [36] of a semantic segmentation model SegNet [37], and an instance
segmentation model Mask R-CNN [38] for algae detection and recognition.

Ruiz-Santaquiteria et al. [36] used Mask R-CNN, which is based on ResNet101 and was
pre-trained on COCO for the instance segmentation of 126 plankton images (10 different
taxa). Their best model for instance segmentation achieved an average precision of 85%
with 86% recall. Unfortunately, the authors do not provide the mAP and IoU thresholds that
would allow a more direct comparison. Ciranni et al. [14] summarise the work of [39] who
compare three alternative approaches for plankton entity segmentation in flow-cytometry
images. Similar to our approach, their Mask R-CNN model was pre-trained on COCO
and they manually annotated over 3000 images. The method relying on the Mask R-CNN
showed the best trade-off in terms of precision (16.3%) and recall (91.9%). In their study,
Bergum et al. [40] also used a Mask R-CNN pre-trained on the COCO dataset and fine-tuned
on their own dataset of 126 images of planktonic organisms (copepods). With their fine-
tuned X101-32x8d-FPN-3x model, they reported an AP of 41.1% for instance segmentation.

Another study dealing with similar tasks of phytoplankton detection and instance
segmentation in microscope image data from water samples was carried out by [41], who
used classical ML algorithms and exploited texture and colour features in the images.
Similarly to our approach, they used an IoU of 50% for a detection as a true positive.
For phytoplankton detection, they reported that the best model was the random forest
classifier using texture features with a precision of 77.2% and a recall of 90%.

In comparison, our model was fine-tuned with only 211 images and also included
only two classes, which is less than most of the similar studies. Our model achieved an
mAP score of 89.5% for detection and 89.8% for instance segmentation at an IoU of 0.5.
At higher IoU thresholds (0.50 to 0.95), mAP scores were 71.3% for detection and 51% for
segmentation, respectively. Although our main evaluation metric was mAP, we also report
a precision of 84.9% and recall of 84.2% for instance segmentation to facilitate comparison
with studies that reported these metrics, although they refer to classification evaluation,
which is a simpler task than instance segmentation.

These comparisons underscore the effectiveness of our approach in processing instance
segmentation tasks for extracting information about phytoplankton functional traits from
microscopic images. The results show that while larger annotated datasets generally con-
tribute to a higher accuracy, the combination of transfer learning and accurate annotation
can yield competitive results even with a small number of annotated images. Furthermore,
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it was observed that, during training, the higher-resolution images improved the precision
of segmentation tasks, which is likely applicable to real-world scenarios. The model’s
strong performance on these challenging tasks can also be attributed to the accurate mask
annotations in the training set, though creating a large number of such annotations can
be costly.

In our future work, we will focus on refining the model to solve difficult cases, such as
overlapping cells, and improving the precision of segmentation masks, which is particularly
relevant for cell area estimation. To this end, performance improvements should be sought
at higher IoU settings during training, as this will ensure that more accurate segmentation
masks are generated. Higher IoUs would place higher demands on the precision of the
model in capturing the exact contours of thin and elongated objects such as the studied
Pseudo-nitzschia species. However, this could also come at the cost of false negatives,
meaning that some cells are missed altogether.

We also plan to expand the dataset by annotating more images, as this would likely
further improve the performance of the model. We would also like to include other
important phytoplankton species. Testing the model in real environments, will allow
further validation and insight into its practical applications, where the approach can also
be adapted for optimal cost–benefit.

5. Conclusions

Our study demonstrates the potential of computer vision techniques, particularly
instance segmentation, in analysing phytoplankton functional traits, enabling aquatic
ecologists to better understand their community structure. Our object detection model accu-
rately detects and identifies the two phytoplankton from microscopic images. The instance
segmentation model provides a good estimate of individual cell area, which is necessary
for estimating another important functional trait, biovolume. The study shows that it is
possible to fine-tune a generic pre-trained model trained on out-of-domain images, and that
this is possible even with a relatively small training dataset.

Compared to manual analysis of phytoplankton images, the automated method signif-
icantly increases the number of samples to be processed. Such automation could provide a
scalable solution to the spatially and temporally extensive monitoring programs.
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Chapter 5

Network Analysis and Machine
Learning on Graphs in Soil Ecology

This chapter presents the contributions that deal with the development of specialised
software tools for network analysis and explainable ML on graph-structured ecological
data.

In the field of ecology, a gap was identified for specialised tools for ecological research
that provide network analysis metrics, interactive network visualisation and explainable
ML on graphs. Therefore, BEFANA, a free and open source software tool, was developed
to make common analysis tasks on ecological networks more accessible. The tool was
developed in collaboration with ecology experts and is customised to the needs of ecologists.
Its functionality enables them to analyse the topology and dynamics of ecological networks
and apply selected ML algorithms. BEFANA offers methods for loading and pre-processing
data, network analysis and interactive visualisation as well as modelling with experimental
data. To utilise the network data for predictive and descriptive ML tasks, the data (nodes,
edges) can be represented as numerical vectors or node embeddings using the node2vec ML
algorithm (Grover & Leskovec, 2016). BEFANA enables the enrichment and modelling of
networks with experimental data. The user can embed experimental or field data into the
network structure, which can provide insight on the dynamics of the studied ecosystem.

BEFANA was evaluated by applying it to a soil food web of an agricultural grassland.
This case study shows the main components and functions of BEFANA, and all the analysis
steps are presented in the published work below.

BEFANA is based on an open source software stack which helps to achieve the fol-
lowing three goals: (a) ease of use, (b) interactivity and (c) extensibility. The software
tools and ML pipelines are implemented in the Python programming language, which has
become the de facto language of choice for scientific computing (Perez & Granger, 2007).
In combination with JupyterLab, an interactive development environment for computa-
tional notebooks (i.e. Jupyter notebooks ), and pandas (McKinney et al., 2010), it forms
one of the best approaches for the dissemination of scientific programs, experiments, data
manipulation and interactive computational notebooks. The ecological networks are en-
coded and analysed using NetworkX (Hagberg et al., 2008) and the node2vec algorithm
(Grover & Leskovec, 2016) was used for representation learning. Seaborn (Waskom, 2021)
and Matplotlib (Hunter, 2007) are used for visualisations.

Although it is common for computational notebooks to run locally, BEFANA goes one
step further and also offers a public web interface via mybinder.org, a free public service
that provides a community-driven infrastructure using BinderHub technology (Bussonnier
et al., 2018), which allows the sharing of interactive code. Local installation of BEFANA
is possible with Docker or by creating a virtual Python environment in which BEFANA
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can be launched.
The results of this work are as follows. BEFANA, a specialised software tool that

enables ecologists to apply network analysis and ML algorithms to ecological networks. It
helps them to quantify and test hypotheses about how the topology of a network influences
its dynamics and how the functioning of the network in turn affects its structure.

In the case study, a hierarchical directed graph is constructed representing a detrital
soil food web using one regional metaweb of all possible literature-based multitrophic links
from a local pool of food webs (Mulder et al. 2005; Sechi et al., 2015). By applying network
analysis, all nodes of the soil food web were ranked based on the out-degree to in-degree
ratio (van den Brink and Rusinowska 2021), demonstrating that the web contains exactly
one strongly- connected component spanning three nodes. Clustering separated the trophic
groups based on the energy sources, which revealed that most trophic groups at the first
level are vulnerable, in contrast to the trophic groups at the second and third trophic levels
(average indegree is 8.2). Modelling with experimental data allowed a simple calculation of
the total biomass for each of the trophic levels and resulted in a ranking of trophic groups
by abundance. Earthworms and the three main resources for the plant-driven pathway,
the bacteria-driven pathway and the fungus-driven pathway exhibit the highest biomass
values. Representation learning shows that the topological information is indeed encoded
in node embeddings, and dimensionality reduction followed by visualisation in 1D space
gives a clearer indication of node similarity.

This work directly addresses the following hypothesis defined in the introduction:

H4: Specially developed software integrating accessible network analysis, ML, and ex-
plainability methods can enhance understanding and knowledge discovery from ecological
networks.

Hypothesis H4 is fully confirmed by the results presented in this chapter.

The complete work is presented in the following publication and is included below:

Marzidovšek, M., Podpečan, V., Conti, E., Debeljak, M., & Mulder, C. (2022). BE-
FANA: A tool for biodiversity-ecosystem functioning assessment by network analysis. Eco-
logical Modelling, 471, 110065.

Martin Marzidovšek contributed to this work as follows: conceptualisation, methodol-
ogy, software, formal analysis, writing the original draft, reviewing and editing, visualisa-
tion.



Ecological Modelling 471 (2022) 110065

0304-3800/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Short communication 

BEFANA: A tool for biodiversity-ecosystem functioning assessment by 
network analysis 
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A B S T R A C T   

BEFANA is a free and open-source software tool for ecological network analysis and visualisation. It is adapted to 
ecologists’ needs and allows them to study the topology and dynamics of ecological networks as well as to apply 
selected machine learning algorithms. BEFANA is implemented in Python, and structured as an ordered 
collection of interactive computational notebooks. It relies on widely used open-source libraries, and aims to 
achieve simplicity, interactivity, and extensibility. BEFANA provides methods and implementations for data 
loading and pre-processing, network analysis and interactive visualisation, modelling with experimental data, 
and predictive modelling with machine learning. We showcase BEFANA through a concrete example of a detrital 
soil food web of one agricultural grassland, and demonstrate all of its main components and functionalities.   

1. Introduction 

Unsustainable use of natural resources have been compelling the 
scientific community to turn its interest to biodiversity loss in general, 
and to negative cascading effects in particular. Several works concerning 
ecological networks have been published1 but too few of them are 
mechanistic and predictive, despite the plea by Ings et al. (2009). On the 
other hand, online dataset collections and international research interest 
is rapidly growing, especially for soil organisms (van den Hoogen et al. 
2020; Phillips et al. 2021). 

Data on the ecological interactions in food webs are generally rep
resented in four different ways: I) Resource-to-consumer food web, 
where the structural model is either static or dynamic, with directed 
graphs (flow) for functional groups, emphasising energy channels, 
loops, biomass and nutrient cycling (Hunt and Wall 2002; Fitter 2005; 
Mulder et al. 2005); II) Allometric scaling (size spectra), where the 
resulting power law is often environmentally-driven, showing triangular 
plots for taxa, trophic generality and vulnerability, trophic heights, 
assimilation efficiency, addressing stoichiometric imbalances (Reuman 
and Cohen 2004; Mulder and Elser 2009); III) Topological networks, 

with a static biopyramid for species, trophospecies and/or functional 
groups, emphasising structural biodiversity, size-delimited pathways, 
nested hierarchy, and/or parasitism (Cohen et al., 2003; Cohen et al., 
2009; Hudson et al. 2013; Mulder et al. 2005) and finally, IV) Interaction 
networks for species, trophospecies and/or functional groups, focusing 
on connectance, complexity, trophic transfer efficiency, self-damping, 
distribution of trophic links and chain lengths, magnitude of feeding 
relationships etc. (Reuman and Cohen 2004; Kondoh et al., 2010; Bas
compte and Jordano 2007). 

This work presents BEFANA, a free and open-source software tool 
suitable for ecological network analysis and visualisation for resource- 
to-consumer food webs, and topological and interaction networks (the 
aforementioned architectural types I, III and IV). It allows the ecologist 
to study the topology of the network and its temporal dynamics, identify 
indirect interactions and more. Ease of use, interactivity, and extensi
bility were the main guidelines when designing and developing 
BEFANA. As a result, BEFANA is implemented as a collection of inter
active computational notebooks and relies on widely used open-source 
libraries for network analysis, data science and machine learning. 
BEFANA is available through a public web interface as well as a Docker 

* Corresponding author at: Jozef Stefan Institute, Jamova 39, Ljubljana, 1000 Slovenia. 
E-mail address: martin.marzidovsek@ijs.si (M. Marzidovšek).   

1 443 papers recorded on Web of Science as of February 15th, 2022, using the specific query: AK=(ecological network*) AND AB=(ecological network*) AND TI=
(ecological network*) NOT AK=(social). 
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container and local installation.2 The rest of the paper showcases 
selected parts of BEFANA through a case study of detrital soil food-web 
analysis. 

2. Software design and implementation 

2.1. Overview 

The design of BEFANA (Fig. 1) follows the latest advances in 
developing and sharing of scientific software. It is based on the 
computational notebook paradigm and follows the "batteries included" 
philosophy by providing integration of libraries a user might need in 
ecological network analysis. As such, BEFANA is an interactive software 
tool but also a solid base for creating custom applications and experi
ments in this and related domains. 

BEFANA is implemented in the Python programming language, 
which has become a de facto language of choice for scientific computing 
(Perez and Granger 2007). In combination with JupyterLab, an inter
active development environment for computational notebooks (i.e. 
Jupyter notebooks), and pandas (McKinney, 2010), a Python library for 
data manipulation and analysis offering optimised data structures and 
functions, it forms one of the best approaches to the dissemination of 
scientific programs, experiments, data manipulation and interactive 
computational notebooks. BEFANA is based on an open-source software 
stack which helps to achieve the following three goals: (a) ease of use, 
(b) interactivity, and (c) extensibility. 

The libraries currently included in BEFANA cover the following 
topics: data input and output, pre-processing and manipulation, chart
ing, web-based graphical user interfaces, network analysis and visual
isation, and machine learning. It is an open collection as any other 
libraries can be applied in BEFANA notebooks as long as they implement 
an interface to the Python interpreter or are available as a web service or 
a command line tool. 

Even though it is common for computational notebooks to be run 
locally, BEFANA goes a step further and also provides a public web 
interface through mybinder.org, a free public service which provides a 
community-led infrastructure deploying the BinderHub technology 
(Project Jupyter et al. 2018), which allows sharing of interactive code. 
Local installation of BEFANA is possible using Docker or by creating a 
virtual Python environment where BEFANA can be started. 

2.2. Software capabilities 

BEFANA is a software tool for ecological network analysis and vis
ualisation that allows to study the topology and dynamics of ecological 

networks as well as to apply selected machine learning algorithms. Its 
computational notebooks, code, interface and results, including dia
grams and graphics, interweave and offer a uniquely-rich user experi
ence. BEFANA can be used to demonstrate some particular 
implementation, to showcase an example, to share charts with results or 
to provide network visualisations. The software has been developed 
specifically for the purpose of soil food web analysis but can be easily 
adapted and extended for the analysis of other types of networks as well. 
The logical organisation of its functionalities is as follows. 

2.2.1. Data loading and pre-processing 
BEFANA supports several different input formats including csv, 

Excel, Access and HDF. The data is parsed and loaded into a high- 
performance data structure which supports advanced data selection 
and manipulation. If the input data requires pre-processing steps such as 
imputation, filtering, resampling, computing values etc. this is the right 
place to apply them. 

2.2.2. Network construction 
The data from which a network is constructed can be provided in 

several different ways. For example: (a) the network can be loaded from 
a file in one of supported network description languages (e.g. Pajek, 
GML, JSON), (b) it can be built in the Python code by adding nodes and 
links manually, (c) it can be constructed from a data structure such as 
the adjacency matrix or adjacency list. 

2.2.3. Interactive network visualisation 
One of the strongest features of BEFANA is its interactive visual

isation of hierarchical networks. In ecosystem network analysis visual
isation is an essential tool for understanding the structure of the 
network, the interrelations between nodes of interest and for hypothesis 
formation. BEFANA implements interactive visualisation of ecological 
networks and responds to user events such as zoom and drag. A network 
can be visualised either inline in the notebook or in a new browser tab. 
Inline visualisation follows the computational notebook paradigm and 
displays a preview of the network and few customization options in a 
notebook cell while the advanced visualisation in a new tab offers a 
multitude of options such as colours, shapes, sizes, fonts, layouts and 
their optimization parameters etc. BEFANA’s visualisation also enables 
modelling the relationship between network topology and network dy
namics, which has implications in understanding stability and resilience 
of trophic networks (Dale 2017). The graphical user interface imple
ments network editing which allows for network modification and 
analysis cycles. Users can remove certain nodes or edges of a soil food 
web and then visualise the modified network to assess the extent to 
which the investigated ecosystem will become destabilised (C.L. Murall, 
McCann, and Bauch 2012), for instance by functional biodiversity 
decline (Conti et al., 2020). This loss of nodes will impact the subsequent 
calculations and will enable us to forecast various scenarios of biodi
versity loss. 

2.2.4. Network analysis 
BEFANA offers network analysis methods that characterise the form 

of the ecological network and determine how the functioning of the 
network affects its structure (Dale 2017). While species interactions are 
central, graph theory can also reveal higher level (guild to guild) in
teractions, such as how topology of such networks also interacts with the 
functioning of the ecological system. 

Various centrality measures are implemented that give insight on the 
nodes/edges topological position and role within the network. The out/ 
in-degree ratio (van den Brink and Rusinowska 2021) can be calculated, 
which assigns to every node in a directed graph its out-degree divided by 
its in-degree (to avoid dividing by zero, 1 is added to both the out- as 
well as in-degree of every node). It can be used for ranking nodes in a 
directed graph. This measure is similar to the well-known Copeland 
score for ranked voting but can give different results in certain 

Fig. 1. Architecture of BEFANA.  

2 MyBinder: https://mybinder.org/v2/gh/MartinMarzi/BEFANA/HEAD 
GitHub: https://github.com/MartinMarzi/BEFANA 
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situations. 
Compartment and motif analysis is available that can reveal common 

repeated structural elements (e.g. transitive triangle motifs) and how 
clearly separable such compartments are. Strongly connected compo
nents can be identified and, in order to discover meaningful subgraphs, 
clustering within the network can be performed. The results of clus
tering (node partitioning) can also be used in BEFANA’s network visu
alisation (see Fig. 2). 

An important advantage of using BEFANA on ecological networks is 
its ability to identify the existence and strengths of indirect interactions 
that are derived from the existing trophic network. BEFANA implements 
the discovery and visualisation of two types of derived networks: (1) 
with shared consumer, and (2) with shared resource. 

2.2.5. Network enrichment and modelling with experimental data 
BEFANA allows the user to embed experimental or field data on the 

network structure which can provide insight on the dynamics of the 
studied ecosystem. The network data structure allows for an unlimited 
number of attributes to be assigned to nodes and links. Attributes can 
also be used in computations provided by the NetworkX library (where 
applicable) simply by providing the name of the relevant attribute. 

BEFANA also implements quantitative comparison of ranked lists 
using the rank-biased overlap (RBO) measure (Webber et al., 2010) 
which measures the similarity of potentially infinite ranked lists. It has 
one parameter (p) which determines how top-weighted the RBO mea
sure is: the smaller p, the more it is top-weighted. RBO is useful when 
comparing lists of elements (nodes, trophic groups, edges, etc.) ranked 
according to the value of a selected attribute, such as biomass, for 
example. 

2.2.6. Predictive modelling with machine learning 
To employ network data in predictive and descriptive machine 

learning tasks (e.g. classification, link prediction, clustering, graph 
evolution) the data (nodes, edges) has to be represented as numerical 
vectors or node embeddings. BEFANA offers node2vec which is one of 
the recent machine learning algorithms that can learn a mapping from 
nodes to a dense feature space while maximising the likelihood of pre
serving network neighbourhoods of nodes (Grover and Leskovec 2016). 

2.3. Launching BEFANA 

The easiest and recommended way to work with BEFANA is to use 
the public Binder link.3 Local deployment using Docker or a Python 
virtual environment is recommended for advanced users. Moreover, 
BEFANA includes already computed results of the presented soil food 
web use case for each notebook. All BEFANA notebooks ensure that the 
required libraries are installed prior to executing any code. 

3. Tool demonstration through soil food-web analysis 

In this section we demonstrate the application of BEFANA on a case 
of a soil food web data where we quantify and analyse the hierarchical 
characteristics of the trophic network at hand. A hierarchical directed 
graph has been constructed, representing the detrital soil food web using 
one regional metaweb of all possible literature-based multitrophic links 
from a local pool of food webs (Mulder et al. 2005; Sechi et al., 2015). 
The complete analysis consists of the following steps. 

3.1. Loading the data 

The input data is loaded as a csv file with headers and a custom 
separator. Two csv files are loaded: (1) an interaction network (soil food 
web) in the form of an adjacency matrix, and (2) trophic levels of the 

trophic groups. 

3.2. Network construction 

The network is constructed from the adjacency matrix of the meta
web, encompassing three local plots, hereafter called A, B, and C (Sechi 
et al. 2015) and the hierarchical structure is obtained from the uploaded 
trophic levels. No editing on the network has been performed. 

3.3. Network visualisation and exploration 

Next, the constructed network is visualised as shown in Fig. 2. Tro
phic levels define the layers of the network while the colouring of nodes 
provides a visualisation of their functional roles. Nodes represent tro
phic groups and their links to the resources: for example, plant roots are 
present at the bottom and provide food for plant-feeding nematodes, 
generalist mites, omnivore nematodes, and a number of other trophic 
groups. In this way, omnivores and top predators that consume from 
more than one node and/or more than one trophic level are easily 
recognizable. Colouring can be done either at functional level (e.g. ac
cording to an in-degree clustering rule as presented in the Network 
analysis section) or at taxonomic level (for instance, different colours at 
the Kingdom level). The numbers prefixing node names are functional 
codes for trophic nodes: the first digit provides information on the 
dominant feeding strategy while the second digit provides cladistic 
information. 

3.4. Network analysis 

In the next step, various network analysis methods are applied that 
help to characterise the soil food web and help determine how the 
functioning of the network affects its structure. 

3.4.1. Network characteristics 
In the first stage of network analysis keystone trophic groups and 

connections that have a disproportionate effect on the network function 
are identified through the combination of various centrality measures 
that give insight on the nodes/edges topological position and role within 
the network in a similar way to Cheddar (Hudson et al. 2013). Each 
measure provides different insights on trophic node’s properties or po
sition in the ecological network. Next, the out/in-degree ratio (van den 
Brink and Rusinowska 2021) has been calculated and all nodes have 
been ranked. Interestingly, in our soil food web structure one node from 
the second trophic level (bacterivore nematodes) is ranked the same as 
one of the primary resources (fungi), and higher than other second level 
nodes. 

3.4.2. Compartment and motif analysis 
In the next stage, the soil food web is analysed for common repeated 

structural elements and how clearly separable such compartments are. 
Pairs of nodes with reciprocal link are identified, which also includes 
cannibalistic relationships. For example, our soil food web contains 9 
reciprocal trophic interactions (interspecific loops) of which 5 are 
cannibalistic (intraspecific loops), mostly occurring at higher trophic 
levels. 

All transitive triangle motifs are also discovered, and an example is 
visualised in Fig. 3. Transitivity depends on directional interactions and 
is related to the consistency of relationships amongst nodes (Dale 2017). 
Thus, transitive triangles hint on the stability of the trophic network as 
they demonstrate the presence of more stable combinations of trophic 
interactions where a trophic group has more than one resource. Our soil 
metaweb contains 122 triangles describing transitive relationships. 

Strongly connected components can give an indication about the 
energy flow within the network. Interestingly, our soil food web con
tains exactly one strongly-connected component spanning three nodes, 
which is shown in Fig. 3. Moreover, this component (embedding only 3 MyBinder: https://mybinder.org/v2/gh/MartinMarzi/BEFANA/HEAD 
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groups from trophic level 4) also contains 8 out of 9 possible links which 
implies a very high resistance to biodiversity loss. As such, it contains a 
cycle spanning all three nodes, two cycles spanning two nodes (recip
rocal links) and three loops (all three trophic groups are cannibalists). 
One of the trophic groups is a generalist consumer while the other two 
are predators. 

Finally, clustering within the network is performed. For example, in- 
degree based node clustering into three clusters where indegree is either 
0, 1, or greater than 1 yields clusters as shown in Fig. 2. Such clustering 
separates trophic groups with energy sources from outside of the 
network, highly vulnerable trophic groups having only one source of 
energy and less vulnerable having more than one source of energy. With 
the exception of substrate ingesting earthworms, bacterivore enchy
traeid, and bacterivore amoebae all trophic groups on the first level are 
vulnerable, in contrast to trophic groups on the second and third trophic 
level (the average indegree is 8.2). 

3.4.3. Derived networks 
In this step the discovery and visualisation of two types of derived 

networks is carried out: (1) with shared consumer, and (2) with shared 
resource. In the analysed soil food web (1) was very connected with 83% 
of nodes linking to over 60% of all the nodes. In (2), on the other hand, 
centrality trends in the derived soil food network were clearer: only 
three nodes had a degree centrality over 60% (omnivore nematode, 
generalist mite, and omnivore mite). 

3.5. Modelling with experimental data 

At this stage field data such as aggregated biomass, mass and 
abundance are computed per trophic group and added to the network as 
node attributes. This allows for easy computation of the total biomass for 
each of the trophic levels. Next, rankings of trophic groups by abun
dance for each of the trophic levels are calculcated and plotted. After 
that, a ranked list of trophic groups by biomass values for all three plots 
is produced. Then, this ranked list is compared using the rank-biased 

overlap (RBO) measure. Regardless of the value of the top- 
weightedness parameter p, plot A is always the most similar to plot C. 
The least similar are plots A and B if RBO is top-weighted (low p), or 
plots B and C, if the tails of the biomass value lists are also considered in 
the comparison (high p). The RBO-based similarity of all three plots 
using different values of p is shown in Fig. 4. Other trophic groups rank 
differently according to the plot, and two are not even occurring in all 
plots. As shown in Fig. 5, earthworms and the three main resources for 
the plant-driven pathway, the bacterial-driven pathway and the fungal- 
driven pathway exhibit the highest biomass values in each of the three 
plots of the investigated metaweb. It is worth mentioning that all groups 
in common in all separate food webs share a very low coefficient of 
variation (CV) (less than 25%), in contrast to the group ranked as 21st, 
that although occupying the same rank according to its biomass values 
shares a CV higher than 100%. 

Fig. 2. A hierarchical visualisation of the soil metaweb in BEFANA.  

Fig. 3. On the left is an example of a transitive triangle spanning three trophic levels (the number in square brackets denotes trophic level). On the right is the one 
and only strongly-connected component. 

Fig. 4. Similarity of ranked lists of biomass values for local plots A, B, and C 
using the RBO measure and different values of its top-weightedness param
eter p. 
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3.6. Representation learning 

In the last stage of the analysis, BEFANA’s representation learning 
functionality is applied on the derived network as described above. The 
results demonstrate that the topological information is indeed encoded 
in node embeddings, and the dimensionality reduction followed by the 
visualisation in 1D space gives a clearer indication of node similarity. As 

can be seen in Fig. 6, four trophic groups grouped on the far left are the 
only nodes at trophic level 1 sharing fungi as resource. Bacterivores, on 
the other hand, are present and mostly grouped on the right side of the 
visualization. 

Fig. 5. The top-left figure shows the degree ratio according to in-degree centrality. The bottom-left figure shows a selection of centrality measures of top-10 nodes. 
On the right the ranked biomass averages are shown for each separate local plot (A, B and C). The Coefficient of Variation has been computed only for the biomass 
averages of any trophic group ranked at the same position across the metaweb, five trophic groups in our case. Each colour (plant: green, fungi: brown, bacteria: blue) 
resembles the pathway, with yellow and reddish for higher trophic level groups (omnivores and predators). 

Fig. 6. A visualisation of node embeddings in 1D where the distance between the trophic groups is indicative about node similarity in the derived network. Colours 
represent trophic levels. 
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4. Conclusion and future development 

The paper presentsed BEFANA, a free and open-source software tool 
for ecological network visualisation and analysis. It allows ecologists to 
apply graph theory and machine learning algorithms on ecological 
networks that can help quantifying and testing hypotheses about how a 
network’s topology affects its dynamics and how the functioning of the 
network in turn affects its structure. In the future work, we plan to up
grade BEFANA regularly with new features, implementations and 
datasets. A particular focus will be on machine learning methods opti
mised for ecological networks. Experimental data is important in 
ecological analysis and to make use of them machine learning algo
rithms need to incorporate node and/or edge attributes. While the hi
erarchical structure of our soil food web makes it unsuitable for 
representation learning methods, we envision that node embeddings for 
other types of interaction networks could well be used to predict links 
when simulating ecological network disruptions. 
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Chapter 6

Conclusions

The dissertation presented how ML when coupled with explainability methods can acceler-
ate and improve the quality of research in the life sciences. This field of science is becoming
increasingly important as its sub-disciplines such as ecology, agriculture and biology play a
crucial role in understanding the complex threats to the ecosystem and fostering scientific
discoveries on which our society’s transition to more sustainable patterns of existence de-
pends. The dissertation explored insights into the dynamics of modelled ecosystems that
are critical to our food security and our understanding of the underlying factors related to
global challenges such as food chain disruption, biodiversity loss and climate change.

While advances in observational technology have facilitated the collection of large and
heterogeneous data, the challenges of interpreting and extracting knowledge from these
data are increasing, which is why ML methods are becoming so important to advance
research in life science disciplines. The dissertation focuses on ecosystem monitoring,
ecological modelling, prediction and inference based on ML.

It has been argued that in the application of ML methods in ecology and other sub-
disciplines of the life sciences, a balance must be achieved between satisfactory predictive
performance on the one hand and sufficient transparency and understanding of the inner
workings of the models on the other. Indeed, prediction and research in areas such as
life sciences carry considerable weight for policy and decision making, public health and
the environment. ML offers advantages for the life sciences, especially for modelling more
complex systems with non-linear relationships. However, it has been shown that such
models can be difficult to interpret. This limits their usefulness in scientific settings, where
the ultimate goal is to understand the data generation processes underlying the patterns
that ML reveals. Because of this problem, it has been argued that it is sensible to use
interpretable ML models as much as possible and/or to use explainability methods to
address the black box nature of more complex ML models by helping to understand their
inner workings and decisions.

The dissertation also shows that the successful application of ML techniques in the
life sciences requires a collaborative approach between ML and life science experts. The
presented research on the application of ML in ecology has shown that it is necessary
to integrate ecological domain knowledge into the developed ML methods and to draw
knowledge and understanding from the trained models. Most of the work presented here
is the result of such cross-domain collaboration.

The overarching goal of this dissertation is to advance the use of xAI and network
science in selected sub-disciplines of the life sciences, particularly ecology. This is done
by developing ML-based solutions for automated ecological monitoring, pattern recogni-
tion, predictive analytics, network analysis and representation learning on graphs. The
dissertation emphasises the explainability of the underlying ML methods, which is crucial
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for the life sciences due to their impact on the real world. In particular, ML methods
are developed that can accelerate different phases of traditional ecological research and
promote research in other life sciences that can provide answers and solutions for dealing
with the escalating impacts of climate change and human-induced stressors on biodiversity
and ecosystems. The specific contributions of ML solutions to the life sciences, which form
the main part of this dissertation, are summarised below.

• In the first contribution, an explainable ML approach is developed to predict the
toxicity of mussels in the Gulf of Trieste caused by HABs. We created and analysed
a 28-year dataset containing records of toxic phytoplankton in mussel farming areas
and toxin concentrations in mussels as well as other environmental data. We found
that the right data pre-processing steps are crucial to overcome the specific challenges
of the consolidated dataset. Model training and performance evaluation show that
RF performed best among the models obtained.

Explainability methods are used to gain insights into the decisions of the model
and thus provide more transparency, which is needed in real-world scenarios such as
EWS. The applied methods also enable a better understanding of the dynamics of the
marine ecosystem influenced by environmental and climatic pressures. The solution
developed can be a cost-effective means of implementing measures to minimise health
risks and social and economic damage.

• The second contribution is the application of usupervised ML in agriculture. The aim
was to identify the barriers and incentives for the use of DSS for IPM. Cluster anal-
ysis provided insights into the variability of survey participants’ responses regarding
their experiences and expectations when using DSS in IPM. Both farmers and farm
advisors showed a tendency to form three groups. Outliers were found among both
farmers and farm advisors that could not be assigned to any of the detected clusters
by the HDBSCAN algorithm. Explanation by simplification and visual explanation
then identified the most common barriers and incentives to access and adoption of
DSS by farmers and farm advisors that characterise each of the identified clusters.
These findings allow the experts to direct future research towards finding suitable
solutions to overcome these barriers.

• The next contribution of this dissertation is a developed computer vision system to
identify and quantify phytoplankton species, estimate cell size and calculate biovol-
ume based on cell morphology. Such a system can be used to study how climatic
changes affect phytoplankton physiology and community structure, thereby altering
marine ecosystems and their functions. The method was developed using transfer
learning, in which generic, pre-trained models were fine-tuned with microscope im-
ages from the Adriatic Sea. Compared to manual analysis, this method processes
more samples and provides a more ecologically relevant assessment with high confi-
dence due to the visual explanations.

• The final contribution is the development of BEFANA, a special software tool that
enables ecologists to apply network analyses, interactive visualisation and ML algo-
rithms to ecological networks. It helps them to quantify and test hypotheses about
how the topology of a network influences its dynamics and how the functioning of
the network in turn influences its structure. It is a free and open-source software
tool designed to make it easier for ecologists to access common analytical tasks in
ecological networks.

BEFANA provides methods for data loading and pre-processing, network analysis
and interactive visualisation, and modelling with experimental data. To utilise the
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network data for predictive and descriptive ML tasks, the data (nodes, edges) can
be represented as numerical vectors or node embeddings using the node2vec ML
algorithm. BEFANA enables the enrichment and modelling of networks with ex-
perimental data. The user can embed experimental or field data into the network
structure, which can provide information about the dynamics of the ecosystem un-
der investigation. BEFANA was evaluated by applying it to a soil food web of an
agricultural grassland.

Five hypotheses were put forward in the dissertation, which were dealt with in the
above-mentioned contributions. The result of the dissertation is that all five hypotheses
are fully confirmed by the results, as shown in the corresponding sections above. The
planned further work in connection with the individual contributions was presented in the
corresponding chapters and in the publications above.

In line with the principles of open, reproducible and transparent science, the presented
work and results, including the software code and data, are openly accessible (see papers
for code and data repositories), while the scientific publications are all in open access.
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