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10:30 – 11:00  Registration & Coffee 
 
11:00 – 11:30  Members meeting 
 
11:45 – 12:45  Keynote address 

Ioannis Athanasiadis (WUR)  
Foundation models for agricultural sciences – Challenges and opportunities 

 
12:45 – 13:45 Lunch 
   
13:45 – 14:30  Contributed Paper Session 1: Classification and Clustering for complex data 

Carlo Cavicchia (EUR) – A new approach to K-Nearest Neighbors for mixed type data 
 
Jos Hageman (WUR) - A genetic algorithm approach for biclustering diverse structural 
components in complex data 

 
14:30 – 15:00  Break 
 
15:00 – 16:15  Contributed Paper Session 2: Latent projection methods 
  Aditi M Bhangale (LEI) – Relaxed SEM-Based Out-of-Sample Predictions 
 

Killian Melsen (WUR) – Ranking genotypes for selection using genomic prediction and 
high-dimensional secondary  phenotypes: the genetic latent factor approach 

 
Tim Offermans (FrieslandCampina) – Optimizing variable selection for PLS regression 
models 

 
16:15 – 16:30 Closing  
16:30 – 17:30  Drinks 
 
 
 
 

  



Meeting Location 
 
VENUE 
VOC26 will be hosted at the campus of Wageningen University & Research. The campus is a hotspot 
for science and innovation located on the outskirts of historical Wageningen, the Netherlands. The 
conference venue is the Omnia, the dialogue center of Wageningen University & Research.  
 
The Omnia: Hoge Steeg 2, Building 105, 6708 PH Wageningen, the Netherlands

 
  
WAGENINGEN 
Wageningen is a historic city with a rich history. It is famous for Wageningen University and as the place 
where the invading forces capitulated, marking the end of the second World War in the Netherlands. 
Wageningen is situated between the north bank of the Lower Rhine and the south border of National 
Park de Hoge Veluwe. As such, it is a vibrant university town in close proximity to nature. 
  
TRAVEL 
Wageningen is located centrally in the Netherlands and it is easy to get there. 
If you come by plane: The Dutch international airport is Schiphol Airport (AMS). Below the airport plaza 
you can find the platforms for the Dutch National Railways. Take a direct train in the direction of 
Nijmegen. You can check-in with your debit card, credit card, or mobile phone. Exit the train at Ede-
Wageningen station. Then take bus 303 to Wageningen Campus. Exit the bus at the Campus or Forum 
stop. 
If you come by train: Wageningen is connected through the Dutch National Railways. You may plan 
your journey here. Your  terminal stop should be Ede-Wageningen station. From this station, take bus 
303 to Wageningen Campus. Exit the bus at the Campus or Forum stop. 
If you come by car: Wageningen can be reached from 3 major highways: the A12 (via the N781), the 
A15 (via the N233), and the A50 (via the N225). The campus is bordered by the N781. The campus is a 
free-parking zone. We recommend to use parkings P1, P2, or P3. See this map for their location on 
campus. 
  
CAMPUS & CITY MAP 
A handy map of both the WUR campus and the Wageningen city center can be found here. 

https://www.wur.nl/en
https://www.wur.nl/en/partner-up-for-impact/visit-wageningen-campus/omnia
https://en.wikipedia.org/wiki/Wageningen
https://www.hogeveluwe.nl/en
https://www.hogeveluwe.nl/en
https://www.ns.nl/en/journeyplanner/#/
https://cnc23.sciencesconf.org/data/pages/20220525_plattegrond_WUR_terrein.pdf
https://cnc23.sciencesconf.org/data/pages/Campus_City_map_2019.pdf


Abstracts 
 
 
 
Ioannis Athanasiadis 
Artificial Intelligence Group, Wageningen University & Research 
Foundation models for agricultural sciences - Challenges and opportunities 
Foundation models, developed with self-supervised methods using unlabeled and multimodal 
multidisciplinary corpora, offer a new pathway for AI-driven discoveries in agricultural sciences. In this 
talk, we identify key challenges inherent to AI research in agricultural sciences,  and advocate that an 
emerging new generation of agricultural AI, in the form of foundation models is necessary to kickstart 
data-driven discoveries in agricultural sciences. We argue that foundation models have the potential 
to act as jumpboards and enable a new generation of AI models for agricultural sciences, offering power 
and adaptability to accelerate innovation. By reflecting on agricultural science challenges, data, and 
theory, we identify pathways for model development and evaluation that will enable agricultural 
researchers to build on shared foundations instead of training new models from scratch for each 
application and location. 
 
Short bio: 
Ioannis N. Athanasiadis is Professor and Chair of Artificial Intelligence at Wageningen University and 
Research. His research aims to advance artificial intelligence to address global challenges, related to 
food security, agriculture and ecology. He is a proponent of use-inspired fundamental research. Driven 
by the complexities of natural systems, Ioannis aspires to further the field of artificial intelligence and 
contribute towards a more sustainable and food-secure future. Together with his research team, 
students and stakeholders, Ioannis develops artificial intelligence systems tailored to help farmers, 
policymakers, and stakeholders make better-informed decisions, manage risks and improve our 
understanding of complex system interactions with data-driven discoveries. More about him at 
http://www.wur.ai  
 
 
Carlo Cavicchia  
Econometric Institute, Erasmus University Rotterdam 
A new approach to K-Nearest Neighbors for mixed type data 
K-Nearest Neighbors (KNN) is a straightforward and widely used supervised learning method suitable 
for both classification and regression tasks. It is often described as a lazy learning algorithm because it 
does not build an explicit model during training but instead relies on the training observations to 
identify the neighbors of a test observation at prediction time. As a result, the effectiveness of KNN 
depends heavily on how the distance between a test observation and its potential neighbors is 
measured. Choosing an appropriate distance metric is critical, as it directly influences the accuracy and 
reliability of the predictions. The distance metric can be fine-tuned to reflect specific data 
characteristics or task requirements, giving researchers the flexibility to select or optimize a metric that 
best suits their objectives. An effective distance metric should not only minimize the distance between 
instances with similar predictions but also maximize the distance between instances with differing 
predictions, thereby enhancing the model’s discriminative power. To achieve this, it is advantageous to 
consider association-based distance measures that incorporate information from the response 
variable, whether numerical or categorical. We propose a flexible and adaptable distance metric that 
captures the interdependencies among mixed-type variables while integrating the association with the 
response variable. Such an approach ensures that the distance metric is tailored to the unique structure 
of the data, improving the overall performance and interpretability of the KNN model. This adaptability 
makes the method particularly useful in diverse applications where mixed data types and varying 
response variables are common. 

https://eur03.safelinks.protection.outlook.com/?url=http%3A%2F%2Fwww.wur.ai%2F&data=05%7C02%7Ccarel.peeters%40wur.nl%7C398ba3ff94954c1ad6f308de7e255156%7C27d137e5761f4dc1af88d26430abb18f%7C0%7C0%7C639086895906104509%7CUnknown%7CTWFpbGZsb3d8eyJFbXB0eU1hcGkiOnRydWUsIlYiOiIwLjAuMDAwMCIsIlAiOiJXaW4zMiIsIkFOIjoiTWFpbCIsIldUIjoyfQ%3D%3D%7C0%7C%7C%7C&sdata=GcXPvYAVTBDsISdavjOQIHZ4cwCXwLic8K03huwdRJQ%3D&reserved=0


 
 
Jos Hageman  
Mathematical & Statistical Methods group – Biometris, Wageningen University & Research 
A genetic algorithm approach for biclustering diverse structural components in complex data 
As datasets continue to increase in size and complexity, identifying meaningful structure within high-
dimensional data becomes more challenging. Simplivariate models aim to address this by detecting 
Simplivariate Components (SCs). SCs are submatrices within the data that involve only subsets of rows 
and columns and correspond to potentially interpretable structures, such as biological or clinical 
patterns. Previous work has typically focused on detecting either additive or multiplicative SCs, often 
requiring a priori assumptions about the model form. 

In this study, we extend the Simplivariate framework by introducing a more flexible and general 
approach. Using a modified Genetic Algorithm (GA) representation, our method allows for the 
simultaneous discovery of constant, additive, and multiplicative SCs, including both up- and 
downregulated patterns.  

We benchmarked our approach through a simulation study using synthetic data containing 
embedded structure. We further applied the method to several real-world datasets to assess practical 
utility. These analyses confirm that our approach can reveal relevant structure in complex data where 
conventional clustering or biclustering techniques fall short. 
 
 
Aditi M. Bhangale 
Faculty of Social and Behavioural Sciences, Methodology and Statistics, Leiden University 
Relaxed SEM-Based Out-of-Sample Predictions 
Predictive modelling, which uses model parameters from one data sample to generate predictions for 
new observations beyond that sample, can play a critical role in psychological research. Until recently, 
prediction methods were limited to traditional regression and machine learning frameworks. These 
approaches, however, assume that psychological variables are measured without error, which is often 
not the case. Structural equation models (SEMs) do incorporate measurement error, and a prediction 
rule for SEMs with normally distributed, continuous data was recently proposed. The SEM-based 
prediction rule outperforms regression-based prediction in most cases, but is sensitive to model 
misspecification. This is a logical weakness, as failure to model dependencies among manifest variables 
biases the model-implied covariance matrix, thereby producing inaccurate predictions. Following the 
argument that models are simplifications of reality and are therefore all misspecified to some extent, 
addressing this sensitivity to model misspecification is essential to improving predictions. In this study, 
following a similar philosophy to that of relaxed LASSO and regularised discriminant analysis, we 
propose a data-driven compromise between the sample (which contains the ‘true’ covariances 
between manifest variables for that sample) and model-implied (which accounts for measurement and 
structural relations in the [mis]specified model) covariance matrices to yield relaxed SEM-based 
predictions. We explored a number of common misspecification types for varying model sizes and 
found that relaxed SEM outperformed SEM-based, OLS-based and local SAM-based predictions. The 
method also had acceptable prediction error in small samples, which are common in psychological 
research.  
 
 
 
 
 
 
 
 
 



Killian Melsen  
Mathematical & Statistical Methods group – Biometris, Wageningen University & Research 
Ranking genotypes for selection using genomic prediction and high-dimensional secondary 
phenotypes: the genetic latent factor approach 
Decreasing costs and new technologies have led to an increase in the amount of data available to plant 
breeding programs. High-throughput phenotyping (HTP) platforms routinely generate high-
dimensional datasets of secondary features that may be used to improve genomic prediction accuracy 
for traits of interest such as yield. However, integration of these data comes with challenges such as 
multicollinearity, parameter estimation in 𝑝 > 𝑛 settings, and the computational complexity of many 
standard approaches. Several methods have emerged to analyze such data, but interpretation of model 
parameters often remains challenging. 

We propose genetic latent factor best linear unbiased prediction (glfBLUP), a prediction 
pipeline that reduces the dimensionality of the original secondary HTP data using generative factor 
analysis. In short, glfBLUP uses redundancy filtered and regularized genetic and residual correlation 
matrices to fit a maximum likelihood factor model and estimate genetic latent factor scores. These 
latent factors are subsequently used in multi-trait genomic prediction to rank genotypes for selection. 
Our approach performs better than alternatives in extensive simulations and a real-world application, 
while producing easily interpretable and biologically relevant parameters. We discuss several possible 
extensions and highlight glfBLUP as the basis for a flexible and modular multi-trait genomic prediction 
framework. 
 
 
Tim Offermans 
Friesland Campina 
Optimizing variable selection for PLS regression models 
 
Performing multivariate statistical regression analysis on a large dataset is a fruitful approach to better 
understand the system generating the data. Partial least squares (PLS) is a regression method that is 
particularly suitable for such an analysis, due to its versatility, low calculation intensiveness, and ease 
of interpretation. Although PLS already projects the predictor variables into a lower dimensional latent 
space, explicitly performing a predictor variable selection can increase the modelling accuracy and 
interpretation. There are however many criteria available to rank predictor variables on importance 
that can be used as a basis for such a variable selection. In this work, I compare several predictor 
variable importance measures when used for a (backward) variable selection in terms of accuracy and 
speed. They are compared not only against each other, but also against the true optimal variable 
selection using a simulation study on several benchmark datasets. 
 


