


Propositions 
 

1. Cognitive flexibility results from past experiences and how well 
they are memorized. 
(this thesis) 
 

2. The contributions of epigenetic mechanisms to tissue specificity 
and behavioural variation are dissociable. 
(this thesis) 
 

3. Given that individuals differ in cognition and behaviour, keeping 
animals in captivity is only justifiable when those animals can 
make autonomous choices. 

 
4. Contrary to popular belief, food provisioning with bird feeders 

is not beneficial for wildlife and has ecosystem-wide negative 
consequences. 
 

5. It is a waste to spend time and resources on space research as 
long as we fail to preserve life on earth. 

 
6. A major mistake in science communication is reasoning with 

facts where emotions rule. 
 

 
 
 
 
 
 
 
Propositions belonging to the thesis, entitled 
 
‘The flexible brain: Causes of individual variation in cognitive flexibility’ 
 
Krista van den Heuvel 
Wageningen, 27th June 2023 



 
 

 

The	flexible	brain:		
Causes of individual variation in cognitive flexibility	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

Krista	van	den	Heuvel	



 
 
 

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
Thesis	Committee		
 
Promotor		
Prof. Dr K. van Oers  
Special Professor, Animal Personality 
Wageningen University & Research  
Senior scientist, Department of Animal Ecology  
Netherlands Institute of Ecology (NIOO-KNAW), Wageningen  
 
Co-promotor		
Dr A. Kotrschal  
Associate Professor, Behavioural Ecology Group  
Wageningen University & Research 
 
Other	members		
Prof. Dr M. Groenen, Wageningen University & Research  
Prof. Dr D. Wright, Linköping University, Sweden 
Prof. Dr R. van Damme, University of Antwerp, Belgium 
Prof. Dr H.L. Dugdale, University of Groningen 
 
This research was conducted under the auspices of the Graduate School 
Wageningen Institute of Animal Sciences (WIAS). 



 
 

 

The	flexible	brain:		
Causes of individual variation in cognitive flexibility	

	
	

Krista	van	den	Heuvel	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

Thesis		
submitted in fulfilment of the requirements for the degree of doctor  

at Wageningen University  
by the authority of the Rector Magnificus,  

Prof. Dr A.P.J. Mol,  
in the presence of the  

Thesis Committee appointed by the Academic Board  
to be defended in public  

on Tuesday 27 June 2023  
at 11 a.m. in the Omnia Auditorium. 



 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Krista van den Heuvel 
The flexible brain: Causes of individual variation in cognitive flexibility 
236 pages  
 
PhD thesis, Wageningen University, Wageningen, the Netherlands (2023)  
With references, with summaries in English and in Dutch  
 
ISBN: 978-94-6447-649-1 
DOI: https://doi.org/10.18174/590711 



 
 

 

 
 
 
 

“Sweet is the lore which Nature brings; 
Our meddling intellect 

Mis-shapes the beauteous forms of things; 
—We murder to dissect.” 

William Wordsworth, “The Tables Turned”, 1798 
  



 
 
 

 
  



 
 

 

Table	of	Contents	
 
Chapter 1.  General Introduction 9	
Chapter 2. Artificial selection for reversal learning reveals limited 

repeatability and no heritability of cognitive flexibility in 
great tits (Parus major) 

27	

Chapter 3. Cell type- and brain region-specific patterns of differential 
gene expression and chromatin accessibility in great tits 
(Parus major) 

53	

Chapter 4. Transcriptomic correlates of cognitive flexibility in two 
homologue brain regions of songbirds and rodents 

91	

Chapter 5. Molecular and epigenetic mechanisms underlying 
individual differences in cognitive flexibility in a songbird 

121	

Chapter 6. General Discussion 167	
 References 185 
 Summary 221 
 Samenvatting 223 
 Curriculum vitae 227 
 List of scientific publications 228 
 Acknowledgements 231 
 Training and Supervision Plan (TSP) 235 

 
	
	
	
	

 
	
	
	
	

	 	



 
 
 

	
Hier	foto	1	
	



9 

Chapter	1. 	
	

General	Introduction		
	
  



10 

The conditions in which an organism finds itself can change over different time 
intervals, both within a lifetime and across generations. When changes occur across 
generations, organisms have the potential to adapt to these changes via evolution, 
the change of species over time. Evolution can result from natural selection acting 
on phenotypic variation that arises from genetic mutations as well as standing 
genetic variation. However, the success of a phenotype in a current environment is 
only weakly predictable of success in future environments, and changes can occur 
rapidly within a single generation. Behavioural changes are an important 
mechanism allowing species to deal with changing environmental conditions. 
Learning allows for such behavioural changes as result of experience 
(Shettleworth, 2010). Organisms can obtain and memorize information from 
experiences and encounters, and use this knowledge to predict which behaviours 
are most likely leading to fruitful outcomes, ultimately enhancing fitness 
(McNamara and Dall, 2010; Laland et al., 2013). Rapid and extensive environmental 
changes induced by human activities are expected to occur more frequently, and a 
standing question is to what extent behavioural changes, guided by learning, might 
allow species to deal with these changes (Wong and Candolin, 2015; Greggor et al., 
2019).  
 
The pathways and mechanisms by which animals acquire, process and store 
information from the environment and respond appropriately to that information 
is referred to as cognition (Shettleworth, 2010). Learning and memory are cognitive 
processes that have evolved to obtain and store information, and these memories 
can be called upon when the environmental situation asks for it to facilitate 
experience-dependent flexibility in behaviour (Wright et al., 2022). Yet, when 
memories of past experiences do not adequately predict future situations, they can 
become disadvantageous. Therefore, it is equally important to flexibly use stored 
information and to ignore, or forget, memories that have become outdated or 
inappropriate. The ability to adaptively change a learned behaviour in response to 
changed contingencies in the environment, and the brain processes underlying that 
ability, is described as cognitive flexibility (Bond et al., 2007; Shettleworth, 2010; 
Tello-Ramos et al., 2019). Cognitive flexibility can be particularly useful when 
dealing with dynamic environments, but in highly stable environments the costs of 
investing in cognitive processes may overshadow the benefits (Mery and Burns, 
2010; Niemelä et al., 2013). As a result, all species have evolved a unique set of 
cognitive abilities, tuned to their relevant ecological context. Nevertheless, exactly 
what drives the evolution of cognitive flexibility is largely unknown. 
 
Cognitive flexibility has been postulated to be of high importance for individuals 
living in rapidly fluctuating environments, and might allow species to escape the 
evolutionary traps that come with human-induced rapid environmental change 
(Greggor et al., 2019). Indeed, evidence from several studies suggest that cognitive 
flexibility varies with environmental heterogeneity, for example across seasons 
(Rochais et al., 2021), along elevation gradients Hermer et al., 2018) and 
urbanization gradients (Batabyal and Thaker, 2019; Vardi and Berger-Tal, 2022; 
but see De Meester, Van Linden, et al., 2022). To better understand whether and 
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how these selective pressures will drive the evolution of cognitive flexibility, we 
should study what causes individual differences within a population, because 
natural selection ultimately acts on intraspecific variation (Thornton and Lukas, 
2012; Boogert et al., 2018). Individual variation in cognitive flexibility may be 
shaped by genetic, developmental as well as environmental factors, leading to 
differences in functioning of the neurobiological systems that support cognitive 
flexibility. The relative contribution of each of these sources will determine how 
this trait will respond to selection (Boogert et al., 2018). However, despite the 
ecological relevance of cognitive flexibility, how individuals vary in this ability and 
which factors shape the expression of cognitive flexibility, has seldom been 
investigated in an ecologically relevant system. This is important, because these are 
the systems where an evolutionary hypothesis can be tested by manipulating 
genetic and environmental affects and where variation in cognitive abilities can be 
related to fitness. The aim of this thesis is therefore to explore the causes of 
individual differences in cognitive flexibility using the great tit (Parus major), as a 
model system.  

Understanding	cognitive	flexibility	
Cognitive, or behavioural flexibility? 
Cognitive flexibility is among the cognitive processes that are classified as executive 
functions: control processes that decide what information should be acquired, 
selected, and subsequently acted upon (Bobrowicz and Greiff, 2022). The two other 
executive functions are response inhibition (the ability to inhibit dominant, 
automatic, or habitual responses) and working memory (the ability to temporarily 
store and act on information). In behavioural ecology, the ability to adaptively 
change a learned behaviour in response to changed environmental contingencies 
has been addressed interchangeably as ‘cognitive flexibility’ and ‘behavioural 
flexibility’ in the literature, causing confusion about the correct term to address this 
cognitive process (Audet and Lefebvre, 2017). In (medical) neuroscience the term 
‘cognitive flexibility’ is used exclusively for human subjects, while ‘behavioural 
flexibility’ is used for non-human subjects (Highgate and Schenk, 2021; Uddin, 
2021). However, in behavioural ecology, the term ‘behavioural flexibility’ has 
traditionally been used more broadly, describing a wide range of behavioural traits 
including innovation and problem-solving ability (Audet and Lefebvre, 2017) and 
even more generally as the reversible flexibility of behavioural phenotypes across 
contexts (Duckworth, 2010; Niemelä et al., 2013). In this thesis, I therefore use the 
more restricted term ‘cognitive flexibility’ to describe the ability to adaptively 
change behaviour in response to changed environmental contingencies. 
 
Towards an understanding of the evolution of cognitive flexibility 
To understand the role of natural selection in driving the evolution of any trait, we 
must understand 
1) what causes trait variation among individuals (phenotypic variation), 
2) whether there is a consistent relationship between the phenotype of parents and 
their offspring (heritability), and 
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3) whether heritable variation of the trait is associated with fitness consequences 
(fitness variation) (Charles Darwin, 1859). 
The focus of this thesis is on points 1) and 2). While point 3), the fitness 
consequences of cognitive flexibility, is beyond the scope of this thesis, I provide 
suggestions how this may be addressed in the future in the general discussion. 
Below, I will discuss how research into cognitive flexibility has gained the current 
understanding of underlying causes of individual variation and which knowledge 
gaps have led to the formulation of the research questions that are addressed in 
this thesis. 
 
Phenotypic variation 
Understanding the ability of a trait to respond to selection starts with measuring 
the extent of phenotypic variation in a population. This can then be followed by 
partitioning the phenotypic variance into different sources, such as genetic 
variance and environmental variance (Falconer, 1989). A widely used method to 
characterize phenotypic variation in cognitive flexibility, is the reversal learning 
task (Izquierdo and Jentsch, 2012). In this task, an animal first learns that a certain 
action (e.g., pressing a lever, displacing an object, landing on a perch) will lead to a 
certain outcome (e.g. obtaining a food reward), but only for a certain sensory 
property of a cue (e.g., colour, location) and not another. For example, an animal 
will receive a food reward if it presses a lever with a red sign, but not if it presses a 
lever with a green sign. During this association task, the animal will become 
increasingly proficient at choosing the correct cue. Then, upon reaching a pre-
defined learning criterion, the contingency of the rewarding cue is reversed to start 
the reversal phase. During this phase, responding to the previously correct cue will 
no longer be rewarded and instead the previously incorrect cue will provide a 
reward. Animals are expected to initially respond to the previously correct cue, but 
over time will learn from the lack of rewards and gradually start exploring the other 
option until they consistently choose the new contingency.  
 
Performance on the reversal learning task depends on the ability to extinguish 
responses to the previously rewarded cue (perseverance) and to learn the new cue-
reward association, which requires associative learning ability as well as the ability 
to unlearn a non-reward association which may have been made during the first 
phase of the task. Because previously learned information can hinder the 
acquisition of comparable new associations (proactive interference), proactive 
interference can affect reversal learning performance (Tello-Ramos et al., 2019; 
Morand-Ferron et al., 2022; Tsakanikos and Reed, 2022; Benedict et al., 2023). To 
quantify performance, studies have used the number of trials that individuals need 
to reach a predefined learning criterion as well as the number of errors, sometimes 
subcategorized in different error types, such as perseverative errors (incorrectly 
choosing the previously rewarded cue before a correct choice has been made) and 
regressive errors (incorrectly choosing the previously rewarded cue after a correct 
choice has been made). If more than two choice options are being presented (e.g., 
using three colours or four locations), also sampling errors can be scored 
(incorrectly choosing the neutral cue after a correct choice has been made).  
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Because of the relatively simple requirements for the reversal learning task, it is 
easy to adapt this paradigm to different species. As a result it has become an 
important measure of cognitive flexibility in laboratory as well as field settings 
(Dhawan et al., 2019). Different variants of the test have been implemented in many 
different species, including insects (Strang and Sherry, 2014; Biergans et al., 2016; 
Mancini et al., 2019; McCurdy et al., 2021), fish (Buechel et al., 2018; Bensky and 
Bell, 2020), lizards (Batabyal and Thaker, 2019; De Meester et al., 2022b, 2022c), 
birds (Bond et al., 2007; Boogert et al., 2010; Cole et al., 2012; Rayburn-Reeves et 
al., 2013; Cauchoix et al., 2017; Croston et al., 2017; Ashton et al., 2018, 2022; 
Hermer et al., 2018; van Horik and Emery, 2018; Reichert et al., 2020; Aljadeff and 
Lotem, 2021; Morand-Ferron et al., 2022; Soravia et al., 2022, 2022; Vardi and 
Berger-Tal, 2022) and mammals (Mackintosh et al., 1968; Izquierdo et al., 2006; 
Laughlin et al., 2011; Brust and Guenther, 2015; Klanker et al., 2015; Remmelink et 
al., 2016; Hassett and Hampton, 2017; Kumpan, 2020; Rochais et al., 2021; Bagley 
et al., 2022; Stanton et al., 2022)  
 
Partitioning the variance 
Repeatability 
To ensure that robust measurements of individual cognitive flexibility are obtained, 
animals can be tested repeatedly to determine the consistency and plasticity of 
performance. When more than one measurement is taken per individual, the 
phenotypic variance can be partitioned into variance within individuals and 
variance between individuals. The ratio of the within-individual variance over the 
total phenotypic variance is called repeatability (Falconer, 1989). Repeatability is 
useful in order to quantify and validate the extent of consistent individual 
differences in cognitive flexibility over time, and to obtain the proportion of the 
variance that is expected to be heritable (Cauchoix et al., 2018; but see Dohm, 
2002). A trait that has a repeatability that is larger than zero is considered to show 
some degree of consistency, and larger values increases the possibility that a large 
amount of the variance is of genetic, rather than environmental origin (Lynch and 
Walsh, 1998). Generally, morphological measures have a large repeatability, 
whereas the repeatability of behavioural measures is much smaller, around 0.35 
(Bell et al., 2009), which is especially true for cognitive traits where repeatabilities 
below 0.30 are most common owing to the relatively large effect of internal and 
external influences on task performance (Cauchoix et al., 2018).  
 
Measuring repeatability of cognitive flexibility in wild animals is a difficult and 
time-consuming undertaking, because it requires testing individuals at least twice, 
but preferably more often, on a task that generally can take up to a day or more to 
learn. This historically required keeping wild individuals in captivity or recapturing 
the same individuals for repeated measures, but technological advancements such 
as radio-frequency identification (RFID)-based conditioning devices have now 
made it possible to test free-ranging wild individuals repeatedly. Thanks to these 
systems, there is now (mixed) evidence that reversal learning performance is 
repeatable: some studies report significant repeatability such as in great tits (Parus 
major) (Reichert et al., 2020; Morand-Ferron et al., 2022) and Australian magpies 
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(Cracticus tibicen dorsalis) (Ashton et al., 2018, 2022), but in blue tits (Cyanistes 
caeruleus) (Reichert et al., 2020) and song sparrows (Melospiza melodia) reversal 
learning was not significantly repeatable (Soha et al., 2019).  
 
Heritability 
The repeatability expresses the proportion of the variance that is due to both 
genetic and environmental differences between individuals. Conceptually, 
repeatability estimates therefore provide a fundamental upper limit for heritability 
(Falconer, 1989). In practice, in the case of cognitive assays where animals can 
learn from experience, repeatability could actually be lower than heritability 
(Dohm, 2002). In the case of a reversal learning task, familiarity with the structure 
of the task may affect performance or the trait that is measured (e.g., long-term 
memory or rule-learning rather than cognitive flexibility). Quantitative genetic 
approaches such as experimental breeding can be used to directly estimate the 
proportion of phenotypic variance that is attributed to additive genetic variance, 
the narrow-sense heritability, while excluding environmental causes (Falconer, 
1989; Boake et al., 2002). Current evidence using genetic relatedness matrices, such 
as in mice (Laughlin et al., 2011; Bagley et al., 2022) and red junglefowl (Sorato et 
al., 2018), suggests low to moderate heritability of reversal learning performance.  
 
Adaptive variation–cognitive styles  
An interesting theory is that repeatable and heritable variation in cognitive 
flexibility might be associated with differences in individual personality traits 
(Coppens et al., 2010; Sih and Del Giudice, 2012). For example, fast exploring, 
“proactive” personality types are associated with faster decision making, whereas 
slow exploring, “reactive” individuals pay more attention to task switches as 
required in a reversal learning task (Titulaer et al., 2012; Mazza et al., 2018). This 
hypothesis is ecologically and evolutionary very interesting, because it can explain 
how different cognitive phenotypes can coexist: fast explorers may have adopted a 
‘life fast, die young’ strategy, whereas shy individuals may benefit more from the 
costs of higher cognitive flexibility as a longer life will lead to the experiences of 
more environmental changes. However, this idea is currently still controversial, 
with different studies pointing at converse directions between cognitive flexibility 
and personality (Griffin et al., 2015), perhaps because such relationships are often 
context (e.g. habitat) dependent (De Meester et al., 2022a).  

Causes	of	individual	variation	in	cognitive	flexibility	
The neurobiological basis of cognitive flexibility 
Individual differences in cognitive flexibility are likely to reflect, and be explained 
by, individual variation in functioning of underlying neurobiological mechanisms. 
Cognitive flexibility has a high relevance to neuropsychology because it is 
compromised in many clinical conditions including autism spectral disorder, 
attention-deficit/hyperactivity disorder, obsessive compulsive disorder, 
schizophrenia, substance abuse, and dementias (Izquierdo et al., 2017; Uddin, 
2021). As a result, the reversal learning task is a commonly used paradigm in this 
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field, and the brain regions and neurochemical substrates that support cognitive 
flexibility are relatively well understood (Izquierdo et al., 2017; Uddin, 2021). 
However, not all of these findings are readily translatable to birds, because of the 
differential structuring of the brains (Box 1.1, Figure 1.1).  
 
Neuroanatomy of cognitive flexibility 
In mammals, it is known that different aspects of reversal learning require 
differential involvement of brain regions. There is a large role of the frontal cortex, 
especially of the orbitofrontal cortex (OFC), which signals reward probability 
(Uddin, 2021; Rudebeck and Izquierdo, 2022). In the mouse, neurons of the OFC 
respond to the cue switches during reversal learning (Banerjee et al., 2020) and 
inactivation of the OFC causes perseverance of previously learned choices in rats 
(Klanker et al., 2013). There is also evidence for the involvement of the medial 
prefontal cortex (mPFC). The role of the mPFC is less clearly defined but lies in error 
detection and performance monitoring (Stolyarova et al., 2019; Avigan et al., 2020; 
Keefer and Petrovich, 2020; Rudebeck and Izquierdo, 2022). Intact communication 
between the OFC and other brain structures is crucial for reversal learning ability 
(Klanker et al., 2013). The OFC projects to the striatum, lesions of which impair 
reversal learning performance by affecting the generation of a new behavioural 
strategy (Ragozzino, 2007; Izquierdo et al., 2017). In addition, the OFC projects to 
the hippocampus, and hippocampal lesioning causes impaired reversal learning 
performance (Kosaki and Watanabe, 2012), especially when combined with 
lesioning of the OFC (Thonnard et al., 2021). The current view is that the 
hippocampus plays a role in the learning of the task structure during the reversal 
task (Vilà-Balló et al., 2017). However, (Seib et al., 2020) argue that the role for the 
hippocampus in a reversal learning task is limited to learning probabilistic nature 
of uncertain rewards, not necessary contingency reversals. Finally, there is also 
evidence for a brain region outside the telencephalon to be involved in reversal 
learning ability: the cerebellum. The cerebellum plays a role in error processing and 
performance monitoring, consistent with a functional link between the cerebellum 
and the prefrontal cortex (Thoma et al., 2008; Dickson et al., 2017; Badura et al., 
2018; Peterburs et al., 2018). 

 
Figure 1.1 Current view of avian brain evolution and the homologies between mammalian and 
avian brains according to Jarvis et al., (2013). B = Basorostralis, E= Entopallium, Hp = hippocampus, 
L2 = Field L2, LSt = Lateral striatum, MSt = medial striatum.  
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In birds, the involvement of specific brain regions in reversal learning performance 
is less clearly defined. Consistent with the involvement of mammalian pallial 
regions like the OFC and mPFC, lesions of two avian pallial structures, the 
hyperpallium (wulst) and the NCL result in reversal learning deficits (Hartmann 
and Güntürkün, 1998; Bingman et al., 2008). Furthermore, lesions of the striatum 
affect reversal learning ability in pigeons, increasing the number of errors after a 
contingency switch (Watanabe, 2005). Also lesioning of the hippocampus impaired 
reversal learning in pigeons, although the effect was mostly apparent on a spatial 
learning task rather than on a visual learning task (Good, 1987; Watanabe, 2005). 
Suppression of neurogenesis in the hippocampus resulted in an increase in reversal 
errors in chickadees (Guitar and Sherry, 2018), and hippocampal neurogenesis has 
been suggested to prevent proactive interference (Tello-Ramos et al., 2019).  
 
Neurochemistry of cognitive flexibility 
A further understanding of how these brain regions are critically involved in the 
modulation of cognitive flexibility can be achieved by understanding the 
neurotransmitter circuitry in these regions, especially because these circuits are 
often the basis of individual variation. The main neurotransmitter of the OFC is 
serotonin, and accordingly, individual variation in reversal learning performance 
can be predicted by serotonin availability in mammals. Reduced serotonin 
signalling in the cortex increases perseveration and impairs reversal learning, 
likely because it is involved in among others absence-of-reward processing 
(Izquierdo et al., 2017). For example, highly perseverative rats showed reduced 

Box	1.1	The	avian	brain	
The main anatomical divisions of the vertebrate brain include: the hindbrain, 
cerebellum, midbrain, diencephalon (including thalamus and hypothalamus), 
and telencephalon (Karten, 2015). The telencephalic subdivisions can be further 
classified into pallial and subpallial (striatal and pallidal). The function and 
structural organization of the subpallium is highly similar in mammals and birds 
(Belgard et al., 2013; Kuenzel et al., 2011). However, to what extent the different 
subdivisions of the avian pallium relate to the subdivisions of the mammalian 
pallium are still a topic of debate (Gedman et al., 2021). Only the hippocampus 
is a pallial region with undisputed homology between birds and mammals 
(Belgard et al., 2013; Mayer et al., 2013), but even so, its structural organization 
is completely different (Herold et al., 2014). The mammalian pallium is 
structured into cortical layers and is subdivided into the neocortex (consisting 
of four lobes: frontal, parietal, temporal, and occipital) and the allocortex 
(including the hippocampal formation and the olfactory cortex) (Medina et al., 
2022). The avian pallium lacks this cortical lamination and can be subdivided in 
to the hippocampus, hyperpallium, mesopallium, nidopallium, and arcopallium 
(Jarvis et al., 2013). Although not homologous, the nidopallium caudolaterale 
(NCL) is functionally equivalent to the prefrontal cortex (PFC): both are 
associative areas involved in executive functions with a close connection to 
many secondary and motor regions (Güntürkün & Bugnyar, 2016). 
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levels of serotonin metabolites, reduced serotonin receptor binding in the OFC and 
increased expression of enzymes that break down serotonin (Barlow et al., 2015). 
Despite the clear evidence for a role of serotonergic transmission in mammals, 
there are only a few studies on its involvement in reversal learning performance in 
birds, even though serotonin receptors are enriched in the NCL (Herold et al., 
2012), making involvement of this neurotransmitter highly likely. Higher serotonin 
receptor gene expression in the telencephalon of chickens was associated with 
lower reversal learning performance (Boddington et al., 2020).  
 
The OFC receives modulatory dopaminergic input from the striatum (Kahnt and 
Tobler, 2017) and consistently, the interaction between striatal dopamine levels 
and cortical serotonin levels explains more than half of the variance of reversal 
learning performance in vervet monkeys (Chlorocebus aethiops sabaeus) (Groman 
et al., 2013). Dopamine release in the striatum conveys unexpected reward 
(Klanker et al., 2015, 2017) and individual differences in the use of positive 
feedback during reversal learning can be predicted by striatal dopamine 
transporter binding (Stolyarova et al., 2014). Experimental blocking, or low 
availability, of dopamine receptors can disrupt reversal learning performance 
(Izquierdo et al., 2006; Groman et al., 2011; Laughlin et al., 2011; Linden et al., 2018; 
Alsiö et al., 2019), with distinct roles for the two major dopamine receptor subtypes 
(D1 and D2 receptors) in different striatal subregions (Sala-Bayo et al., 2020). 
Evidence of the involvement of dopamine signalling in birds is restricted to two 
studies, one showing that the blockade of dopamine D1 receptors in the NCL 
negatively affected reversal learning performance (Diekamp et al., 2000) and 
another showing a negative effect of dopamine D2 receptor blocking (Herold, 
2010).  
 
Lastly, there is also a role for another key regulatory neurotransmitter, glutamate, 
although its specific requirement for reversal learning ability is still under debate, 
as this neurotransmitter is broadly required for synaptic plasticity (Izquierdo et al., 
2017). Yet, malfunctioning glutamatergic NMDA receptors can induce defective 
reversal learning performance through increased perseverative errors (Thonnard 
et al., 2019; Liu et al., 2020). Again, evidence in birds is restricted to two studies, 
both showing that NMDA receptor antagonists negatively affected reversal learning 
performance (Lissek et al., 2002; Herold, 2010).  
 
In conclusion, despite some important dissimilarities in the organization of the 
avian and mammalian brain, the available evidence largely points to an 
involvement of similar brain regions and neurotransmitter systems. However, 
evidence in birds is largely restricted to lesions and receptor blockages, whereas 
studies on natural variability in neurotransmitter functioning (e.g., individual 
variation in neurotransmitter release and receptor abundance or expression), and 
the mechanisms that lead to these differences are lacking.  
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The (epi)genetic basis of cognitive flexibility 
Genetic origins of individual variation in cognitive flexibility   
The necessary information to develop and maintain the function of neural systems 
is encoded in the genetic material. Heritable differences in DNA sequence that lead 
to differential expression of genes like those required for neural development or 
receptor abundance can, therefore, lead to differences in cognitive abilities by 
affecting the ability of the neural system to acquire, store or act on environmental 
information (Friedman et al., 2008). To identify such heritable differences, genome-
wide quantitative trait locus (QTL) mapping has been a useful means to localize 
polymorphisms and identify candidate genes for complex traits (Slate, 2005; van 
Oers and Mueller, 2010). Using QTL mapping combined with gene expression data 
for reversal learning, several candidate genes have been proposed in mice, among 
which Wdr73, a gene that is associated with heritable variation in striatal dopamine 
receptor expression (Bagley et al., 2022) and Syn3, which negatively regulates 
dopamine release and expression of which in the hippocampus, striatum, and 
neocortex is negatively correlated with reversal learning performance (Laughlin et 
al., 2011). Knockout of Syn3 induced less flexible responding to the contingency 
reversal (Moore et al., 2021). Alternatively, if candidate genes are already known, 
polymorphisms can be studied on a single gene basis. A polymorphism in the DRD2 
gene was related to altered striatal and OFC activity and negatively affected 
performance on a reversal learning task in humans (Jocham et al., 2009). 
Polymorphisms in the serotonin transporter (SLC6A4, SERT) were associated with 
reversal learning ability in rhesus macaques (Vallender et al., 2009). However, a 
recent study in chickens showed that individuals with different SLC6A4 
polymorphisms did not differ in reversal learning ability (Dudde et al., 2022). 
Nonetheless, these findings suggest that reversal learning performance can vary as 
a function of the genotype, though yet again, evidence in birds is limited.  
 
Epigenetic origins of individual variation in cognitive flexibility   
Crucial here is to point out that not necessary the DNA sequence, but rather when, 
where and to what degree genes are expressed is what matters for phenotypic 
variation, especially in the context of behavioural traits (Fischer et al., 2021). That 
gene expression variation not only arises through the DNA sequence already 
becomes clear at a cellular level. Although each cell in an organism contains the 
same DNA, the sets of genes that are expressed are specific to each cell type. The 
developmental processes that define which genes are transcribed and where, 
involves local presence of transcription factors and the structure and organization 
of chromatin – the complex that the DNA forms with histones and other proteins 
(McGinty and Tan, 2015). The mechanisms that regulate this structuring without 
altering the DNA sequence are referred to as epigenetic mechanisms (Box 1.2). 
Because the expression of many locally essential genes simply must be precisely 
controlled in most cellular processes (Fraser et al., 2004), epigenetic mechanisms 
regulate developmental stability in cell differentiation.  
 
For other genes however, there can be substantial variation in gene expression 
among individuals. Gene expression variation that arises from genetic factors can 
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be induced via alternative epigenetic states. For example, genetic variation can 
influence epigenetic gene regulation during neurogenesis (Liang et al., 2021). 
However, epigenetic induction of (among individual) gene expression variation can 
also have stochastic (Eling et al., 2019) and environmental origins such as the social 
environment (Bell, 2020). Moreover, the dynamic induction of transcription 
variation in response to the environment is a crucial mechanism underlying 
cognitive processes such as learning and memory formation. Dynamic gene 
expression of neural cells is essential for trans-synaptic plasticity: the structural 
changes at the synapse that follow experience and are necessary to encode 
memories (Sheng and Greenberg, 1990). Quite strikingly, activity-dependent 
neuronal gene expression is regulated via the same epigenetic mechanisms that 
regulate developmental gene expression (Boyce and Kobor, 2015). Mechanisms 
like histone deacetylation and DNA methylation regulate the changes in access to 
gene regulatory elements required for activity-dependent transcription that is 
necessary for learning and memory formation (Miller et al., 2008; Day et al., 2013; 
Schmauss, 2017). Evidence is now accumulating that epigenetic mechanisms are 
involved in associative learning. DNA methylation affects associative memory 
strength in mammals (Day et al., 2013) and in honeybees, inhibition of DNA 
methyltransferases, which induce DNA methylation, negatively affected reversal 
learning (Biergans et al., 2016). De novo DNA methylation in the hippocampus is 
required for neurogenesis and is critical for spatial reversal learning in mice 
(Zocher et al., 2021). Histone deacetylase inhibitors can enhance long-term 
memory formation (McQuown and Wood, 2011), whereas overexpression of 
histone deacetylase in the rat striatum prevented habit formation following 
associative learning (Malvaez et al., 2018) and induced fast, inflexible behaviour 
during reward-guided decision making (Pribut et al., 2021).  
 
Together, these findings indicate the role of epigenetic mechanisms in experience-
dependent behavioural change in adults, and how they are likely to contribute to 
the reversal learning process. Additionally, epigenetic processes are known to be 
involved in environmental influences on individuation during development. For 
example, early-life exercise induces histone modifications that promote the 
expression of genes involved in hippocampal memory formation (Raus et al., 2023), 
and social adolescence impaired reversal learning via increased expression of the 
BDNF gene in the mPFC and decreased expression in the hippocampus induced by 
altered histone acetylation (Li et al., 2016). There are many other studies indicating 
how early life experiences can affect reversal learning ability, for example food 
insecurity (Lin et al., 2022), environmental enrichment (Zeleznikow-Johnston et al., 
2017), maternal separation (Noschang et al., 2012) and corticosterone exposure 
(Bebus et al., 2016). Although these studies did not directly study the contributions 
of epigenetic alterations to these phenotypic effects, many of these manipulations 
are known to induce epigenetic modifications (Moody et al., 2017; Zhang et al., 
2018; Rahman and McGowan, 2022), providing a likely regulatory mechanism for 
the effect of these early life manipulations on reversal learning ability.  
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Aims	and	outline	of	this	thesis	
What are the regulatory mechanisms underlying possibly repeatable and heritable 
individual differences in cognitive flexibility in a wild avian species? Despite the 
likely importance of cognitive flexibility in dealing with unpredictable 
environments we currently lack such data. This knowledge would get us closer to 
understanding how this behaviour develops, how variation is maintained, and 
ultimately its fitness consequences, information that is altogether needed in order 
to understand what drives the evolution of cognitive flexibility. The overall aim of 
this thesis is therefore to study the causal mechanisms underlying individual 
differences in cognitive flexibility.  
 
In this thesis, I will explore the extent to which both genetic and epigenetic 
variation underly individual variation in cognitive flexibility. As is the case for many 
cognitive traits, I expect the contribution of heritable genetic variation for cognitive 
flexibility to be relatively low. Because the currently available literature suggests 
that epigenetic mechanisms are not only essential for carrying out cognitive tasks 
but also for regulating the effects of early life experiences on neural development 
and cognitive performance, I will study their involvement in individual variation in 
cognitive flexibility. In addition, I want to contribute to a better understanding of 
the relationship between chromatin accessibility and gene expression in regulating 

Box	1.2	A	brief	summary	of	epigenetic	modifications	
Histone	 modifications are chemical modifications to the tails of histone 
proteins that change the transcriptional state by influencing the accessibility of 
the underlying DNA to transcription factors or enzymes that regulate DNA 
methylation (Wilson & Merkenschlager, 2006). These modifications include 
acylation, methylation, phosphorylation, and ubiquitination (Huang et al., 
2014). Enzymes that regulate these modifications, such as histone deacetylases 
(HDACs) which remove acetyl groups from histone tails, can modify gene 
transcription (Kouzarides, 2007). DNA	methylation is the addition of a methyl 
group to cytosines. This usually occurs in CpG dinucleotides, but in neural cells, 
non-CpG methylation is also common (Kozlenkov et al., 2014). DNA methylation 
can result from the vacation of transcription factors at open chromatin regions, 
and is generally followed by tightening of the chromatin and suppression of 
gene expression (Thurman et al., 2012). DNA methylation and histone 
modifications often coexist at silenced genes and both can be the initial 
epigenetic event that initiates silencing (Vaissière et al., 2008). DNA methylation 
readers interact with histone modification erasers to suppress transcription. 
Vice-versa, DNA methyltransferases contain chromatin recognition domains 
and may induce DNA methylation upon recognition of certain histone 
modifications (Bohnsack & Pandey, 2021). Eventually, epigenetic modifications 
such as histone modifications and DNA methylation will alter accessibility of the 
underlying DNA sequence is to transcription factors; a phenomenon that is 
described as chromatin	accessibility.  
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cell fates during brain development, because understanding the molecular profiles 
of specific brain regions will provide an important baseline for the comparison of 
cognitive and behavioural phenotypes of which the regulation is situated in these 
regions.  
 
With this thesis, I aim to answer the following research questions:  

1. How repeatable and heritable is cognitive flexibility in the great tit? 
(Chapter	2) 

2. Can chromatin accessibility explain gene expression variation between 
cells from anatomically distinct origins in the brain in the great tit? 
(Chapter	3) 

3. Can individual differences in cognitive flexibility be explained by variation 
in chromatin accessibility and gene expression from relevant brain regions 
in birds and mammals? (Chapter	4	and	5) 

 
In Chapter	2, I set up a two-generation artificial selection experiment to assess 
narrow-sense heritability of reversal learning performance in great tits, which I 
complement with an animal model approach to additionally estimate heritability of 
associative learning and exploratory behaviour. Furthermore, I assess the 
repeatability of associative and reversal learning performance as well as 
correlations between the cognitive and personality traits. In Chapter	3, I use Assay 
for Transposase-Accessible Chromatin using sequencing (ATAC-seq) and RNA 
sequencing (RNA-seq)to study the relationship between chromatin accessibility 
and gene expression to determine functional divisions among neuronal and non-
neuronal cells collected from the striatum, hippocampus and cerebellum, validating 
these findings with data collected from mice and rats. Then, in Chapter	4,	I explore 
the role of gene expression variation in individual differences underlying reversal 
learning performance in great tits and mice, using RNA-seq to assess gene 
expression in the striatum and cerebellum; homologous brain regions between 
birds and mammals. In Chapter	5,	I focus further on the great tit, asking whether 
individual differences in gene expression variation that underlie reversal learning 
performance are explained by chromatin accessibility and DNA methylation by 
combining data collected with RNA-seq (striatum, hippocampus and cerebellum), 
ATAC-seq (striatum and hippocampus), and Enzymatic methyl sequencing (EM-
seq) (striatum). In the general discussion, Chapter	6, I integrate the findings of my 
thesis, place them into a wider context and discuss how this thesis has contributed 
to understanding the causes of individual variation in cognitive flexibility. I end the 
general discussion with several suggestions for future research.  
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General	study	methods	
Study species – the great tit  
In this thesis, I use the great tit (Parus major) as a model species to study the causes 
of individual variation in cognitive flexibility in birds (Figure 1.2). This passerine 
bird occurs in a wide geographical range throughout Eurasia and North Africa, 
where it lives in deciduous and mixed forests, although it is also commonly found 
in urban parks and gardens (Gosler, 1993). Although great tits are omnivorous, 
they are largely insectivorous in spring and summer, but switch their preference in 
autumn and winter towards nuts and seeds, also readily eating those offered in bird 
feeders when natural food is scarce. Its generalist nature combined with a strong 
learning ability (e.g., recognizing and abandoning food patches depending on their 
productivity), allows the great tit to exploit a wide range of ecological situations 
and resources (Gosler, 1993). The role of cognitive processes in individual foraging 
of great tits has for years been the interest of many behavioural ecologists (Krebs 
et al., 1978; Morand-Ferron et al., 2022).  
  
Although great tits naturally breed in wood-cavities, they will nest almost 
exclusively in artificial nest boxes when sufficiently provided, which makes them 
very suitable for evolutionary, ecological, and behavioural studies. In addition, 
great tits are relatively easy to keep and breed under captive conditions, allowing 
researchers to study their behaviour in detail and to perform experimental 
breeding, including the creation of artificial selection lines (see below). The great 
tit also has become the focus point of detailed genomic analysis of behavioural and 
life-history traits, especially since its genome has been mapped (Laine et al., 2016). 
This makes this species one of the few in which behavioural traits can be 
extensively studied under laboratory conditions as well as tested in wild 
populations. 
 

 
Figure 1.2 The study species of this thesis, the great tit (Parus major). 
 
Measuring cognitive flexibility 
To assess cognitive flexibility in great tits, I developed a reversal learning task using 
automated “smart” feeders designed by NatureCounters (Maidstone, UK). These 
feeders are equipped with an RFID antenna, which registers the unique code of a 
passive integrated transponder (PIT) Tag that can be attached to a bird’s leg. Upon 

Chapter 1



23 

registration of the PIT Tag, the door can open for a set duration of two seconds; 
opening and closure of a transparent plastic door is controlled with a micro-
servomotor. After individuals are trained to use the feeders, individuals are tested 
individually in a testing aviary with three feeders positioned in a triangular array 
(Figure 1.3). These three feeders are connected through a network cable, allowing 
for integrated responses between the feeders and for the learning experiments to 
take place without human intervention. In the associative learning phase, one 
feeder provides a reward for an individual, the door of which opens upon tag 
registration, whereas the other two feeders stay closed when visited. This assigned 
feeder is reinforced until individuals reach a criterion level of six correct trials out 
of seven. After completing the associative learning phase, the reversal learning task 
is initiated and the reward contingency is reversed to one of the other two feeders. 
Again, birds have to reach the learning criterion of six correct visits over seven 
trials to the new feeder. Associative and reversal learning performance are scored 
as the total number of trials required to reach the learning criterion of six correct 
visits out of seven subsequent trials. 
 
Artificial selection  
To investigate the genetic basis of individual differences in cognitive flexibility, I 
used artificial selection, a technique widely used in domestic animal breeding. 
Artificial selections experiments are an excellent way of providing evidence for the 
genetic basis of naturally occurring based individual variation in learning and 
memory and the neural structures that support them (Dukas, 2004; Kotrschal et al., 
2013; Dunlap and Stephens, 2014), and such experiments have been used before to 
estimate the heritability of behavioural traits in great tits (Drent et al., 2003; van 
Oers et al., 2004).  
 
In this thesis, I performed a two-way selection for ‘fast’ and ‘slow’ reversal learning 
performance, scored as the number of trials to reach criterion in the reversal 
learning phase. Using 10-day old great tit nestlings collected from a wild population 
and hand-reared at the NIOO aviary facilities as a starting population for our 
selection experiment, we ensure a similar rearing environment to reduce the 
impact of early life effects on phenotypic variation. After measuring their reversal 
learning performance, I selected individuals with the highest scores for the ‘fast’ 
and lowest scores for the ‘slow’ reversal learning line to breed in aviaries at the 
NIOO. I transported their egg clutches to a field site, to be incubated by wild foster 
parents. These F1 chicks are again hand-reared, tested and selected for breeding, 
forming pairs from the offspring by selecting ‘fast’ individuals from the ‘fast’ 
reversal learning line, and ‘slow’ individuals from the ‘slow’ reversal learning line 
to produce the F2 generation. By measuring the response to selection as a change 
in mean phenotype (reversal learning performance) of the offspring compared the 
parental generation, and dividing that by the strength of selection, I could use this 
experiment to estimate the realized heritability (Falconer, 1989).  
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Figure 1.3 Experimental setup for the reversal learning task. 
	
(Epi)genomic tools  
FANS sorting  
To selectively study gene expression and chromatin accessibility in nuclei from 
neuronal cells and non-neuronal cells, the nuclear neuronal marker (NeuN) can be 
used to distinguish neurons from non-neurons. After staining nuclei with an anti-
NeuN antibody conjugated with the fluorescent Alexa488, labelled (NeuN+) 
neurons can be isolated from non-labelled (NeuN-) nuclei using fluorescence-
activated nuclear sorting (FANS), allowing for separate sequencing of these cell 
populations separately.  
 
Gene expression  
The translation of DNA sequence into proteins first involves the transcription of the 
DNA sequence into an RNA sequence. The majority of the RNA sequence does not 
encode proteins and is named non-coding (ncRNA). RNA that is translated into 
proteins is named messenger RNA (mRNA). This mRNA is stabilized with a poly-A 
tail, a long chain of adenine nucleotides, before it is exported from the nucleus and 
transported to the cytoplasm, where it is translated into a protein by ribosomes. In 
this thesis, I use RNA-sequencing (RNA-seq) on total RNA that has been enriched 
for mRNA by removing polyadenylated negative transcripts, to explore gene 
expression differences between anatomically distinct groups (nuclei originating 
from different cell types or brain regions) and between phenotypically distinct 
individuals. 
 
Chromatin accessibility  
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The assay for transposase accessible chromatin followed by sequencing (ATAC-
seq) can be used to assess chromatin accessibility (Buenrostro et al., 2015; Corces 
et al., 2017). In this assay, the hyperactive enzyme Tn5 transposase recognizes and 
cuts DNA at open chromatin regions, and inserts sequencing adapters. These open 
chromatin regions are then amplified and sequenced, and identified genome-wide 
using bioinformatic analysis. This method allows identification of differential 
chromatin accessibility across samples.  
 
DNA methylation 
Enzymatic methyl sequencing (EM-seq) is a novel method to detect DNA 
methylation. This method uses an enzymatic conversion of unmethylated cytosines 
to uracils, which are replaced by thymine during PCR. Unmethylated cytosines are 
therefore read as thymine during Illumina sequencing, whereas methylated 
cytosines are read as cytosines (Vaisvila et al., 2021). This method circumvents 
issues (e.g., DNA degradation) often associated with bisulfite sequencing, the 
current gold standard for methylome mapping which uses sodium bisulfite to 
distinguish methylated from unmethylated cytosines.  
 

 
Figure 1.4 Overview of studied brain regions and applied (epi)genomic tools. 
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Chapter	2. 	

Artificial	selection	for	reversal	learning	reveals	limited	
repeatability	and	no	heritability	of	cognitive	flexibility	in	

great	tits	(Parus major)	
 

Krista van den Heuvel, John L. Quinn, Alexander Kotrschal, Kees van 
Oers 

	
	

Abstract	
Cognitive flexibility controls how animals respond to changing environmental 
conditions. Individuals within species often vary considerably in cognitive 
flexibility but the micro-evolutionary potential in animal populations remains 
enigmatic. One prerequisite for cognitive flexibility to be able to evolve is consistent 
among-individual variation with a heritable basis. Here we determine the 
repeatability and realized heritability of cognitive flexibility among great tits (Parus 
major) by performing an artificial selection experiment on reversal learning 
performance over three generations. We assessed associative and reversal learning 
repeatedly in 385 individuals. We found low, yet significant, repeatability (R = 0.14) 
of reversal learning performance. Our artificial selection showed no evidence for 
narrow-sense heritability of either associative or reversal learning, while we 
confirmed the heritability of exploratory behaviour. We did observe correlations 
between boldness and associative learning and between associative and reversal 
learning. Our findings suggests that while it seems possible to adequately measure 
individual performance in cognitive flexibility, its heritable component is absent or 
too small to detect. Although cognitive flexibility itself is not generally heritable, the 
underlying cognitive mechanisms may well be. Nonetheless, unidentified sources 
of presumably environmental variation may explain are large part of the variation 
in cognitive flexibility, which has important consequences for its evolvability and 
potentially for how effectively great tits respond to environmental change 
generally. 
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Introduction	
The need for animals to flexibly adjust their behaviour to environmental changes 
has selected for the evolution of cognitive abilities, that is, the abilities to acquire, 
process, store and act on information from the environment (Shettleworth, 2010). 
Animals show consistency during foraging (Chittka et al., 1999; Naef-Daenzer and 
Keller, 1999) and are capable of memorizing various features of a food source 
(location, colour, shape) (Bitterman, 1965; Shettleworth, 2010). However, the 
ability to re-evaluate this behaviour can be equally essential if, for example, a 
source no longer provides food. One particularly relevant trait, therefore, is 
cognitive flexibility, the executive cognitive function that allows animals to update 
goal-directed behaviour in response to changing environmental conditions 
(Klanker et al., 2013). Frequent fluctuations in ecological resources, such as in 
spatially complex and heterogeneous environments, should select for greater 
cognitive flexibility, allowing individuals to respond more rapidly to changes in 
their environment (Bond et al., 2007; Shettleworth, 2010). However, whether 
cognitive flexibility can respond to selection is currently unknown. To understand 
this evolutionary potential of cognitive flexibility, we need to quantify the extent of 
stable individual differences in cognitive flexibility and whether that individual 
variation has a genetic basis (Houle, 1992; Dukas, 2004; Thornton and Lukas, 
2012).  
 
Determining stable individual differences in cognitive traits is crucial when 
investigating the adaptive nature of such traits, nevertheless, this has received 
relatively little attention in non-human animals (Griffin et al., 2015), although the 
literature is expanding (Cauchoix et al., 2018). To test whether individual 
differences in performance are consistent over time, studies so far have focused on 
the existence of consistent among-individual variation, or repeatability of cognitive 
traits (Dohm, 2002), finding that repeatability is usually below 0.28, with a 
significant publication bias in favour of reporting higher repeatabilities (Cauchoix 
et al., 2018). Cognitive flexibility is generally assessed with a reversal learning task 
(Klanker et al., 2013). In this assay, a previously rewarded option becomes non-
rewarding and vice versa, in order to assess how flexible an animal can adapt its 
learned response by measuring the ability of animals to correctly respond to this 
change (Izquierdo et al., 2017). There is mixed evidence that reversal learning 
performance is repeatable: some studies report significant repeatability such as 
in great tits (Parus major) (Reichert et al., 2020; Morand-Ferron et al., 2022) and 
Australian magpies (Cracticus tibicen dorsalis) (Ashton et al., 2018, 2022), but in 
blue tits (Cyanistes caeruleus) (Reichert et al., 2020) and song sparrows (Melospiza 
melodia) reversal learning was not significantly repeatable (Soha et al., 2019). In 
the latter case, the authors suggest it is due to a change in the nature of a task, when 
it is measured repeatedly, because familiarity with the structure of the task may 
affect performance or even the trait that is measured. Nonetheless, repeated 
measures are needed to estimate consistent among-individual variation, in order 
to support the idea that there are intrinsic individual differences in performance.  
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Repeatability estimates provide a fundamental upper limit for heritability, but 
consistency can also arise from early environmental or maternal effects (Falconer, 
1989; but see Dohm, 2002). Therefore, once intrinsic differences have been 
established, demonstrating that any phenotypic trait is heritable is a fundamental 
next step in understanding the trait’s evolutionary potential (Boogert et al., 2018). 
Since reversal performance is always tested following an associative learning task, 
they are generally considered in concert. Assessing the extent of among-individual 
covariance between the two learning phases will be crucial to understand what 
drives, possibly heritable, among-individual differences in reversal learning 
performance. Following the hypothesized trade-off between learning and cognitive 
flexibility, animals that are quick at forming initial associations learn subsequent 
similar information less well (Amy et al., 2012; Del Giudice and Crespi, 2018; Tello-
Ramos et al., 2019). Several studies have investigated both the phenotypic 
correlations between and the heritability of associative and reversal learning 
performance (Laughlin et al., 2011; Raine and Chittka, 2012; Nettle et al., 2015; 
Sorato et al., 2018; Vardi et al., 2020; Bailey et al., 2021; Prentice et al., 2021; De 
Meester et al., 2022b). Current evidence suggests low to moderate heritability of 
reversal learning performance across species, but how it relates to associative 
learning appears to vary between species. Identifying the existence of a trade of 
between learning and cognitive flexibility is important, because this has been 
hypothesised to maintain cognitive variation (Del Giudice and Crespi, 2018).  
 
In line with this, personality traits and cognitive performance have been 
hypothesized to be correlated at the among-individual level (Griffin et al., 2015). 
Fast explorers would learn faster but inflexibly, meaning that they have more 
difficulty learning a new cue-reward association (Sih and Del Giudice, 2012; 
Dougherty and Guillette, 2018). However, even though correlations have been 
found between personality traits and (reversal) learning performance, the 
direction of this relationship varies widely across species or studies (Titulaer et al., 
2012; Dougherty and Guillette, 2018), and these are generally raw phenotypic 
correlations with no partitioning of among- and between-individual components. 
Knowing to what extent variation in personality traits relates to reversal learning 
performance in great tits, will help us understand whether cognitive flexibility and 
personality variation are controlled by the same underlying factors in great tits 
(Morand-Ferron et al., 2016).  
 
Experimental evidence for heritable variation in cognitive flexibility, or in any 
cognitive trait, is lacking in non-human animals (Croston et al., 2015b). Artificial 
selection experiments provide a powerful method for obtaining strong, direct 
evidence for naturally occurring, heritable individual variation in cognitive 
performance (Dukas, 2004). Therefore, we performed bi-directional artificial 
selection on natural variation in reversal learning ability under controlled 
laboratory conditions in hand-reared great tits (Parus major) collected from a 
natural population, while including repeated measures to estimate consistent 
among-individual differences. Previous artificial selection experiments in great tits 
have successfully demonstrated heritability of exploratory behaviour, risk-taking 

Artificial selection for reversal learning reveals limited repeatability and no heritability of cognitive flexibility

Ch
ap

te
r 

2



30 

behaviour and timing of reproduction (Drent et al., 2003; van Oers et al., 2004; 
Verhagen et al., 2019). Here we estimated (i) individual consistency and 
repeatability of performance on associative and reversal learning tasks, (ii) the 
covariation between performance on the associative and reversal learning task and 
two personality traits, and (iii) the narrow-sense heritabilities of these cognitive 
traits. We predicted significant, but low to moderate, individual consistency and 
heritability, since within-individual variation in cognitive performance is likely 
influenced by environmental effects, experience, and intrinsic motivation. We 
expected to find associations between associative learning, reversal learning, and 
personality traits; negative associations would support the above suggested trade-
offs, while positive correlations could indicate they are determined by similar 
underlying mechanisms. 

Methods	
Study subjects 
We conducted this study at the Netherlands Institute of Ecology (NIOO-KNAW) 
from May 2018 to April 2021 spanning 3 years. Each year in May, we hand-reared 
great tit (Parus major) nestlings until independence. As a starting population, we 
collected 322 10-day old nestlings from 42 broods originating from a nest box 
population at Boslust (Groot Warnsborn) near Arnhem, the Netherlands (5°850 E, 
52°010 N), a 70 ha field site consisting of mixed pine-deciduous forest, and brought 
them to the aviary facilities at the NIOO-KNAW. We hand-reared the nestlings until 
independence according to the methods described by (Drent et al., 2003). Briefly, 
we transferred nestlings in sibling groups of three to four birds to a compartment 
within a wooden box, each box containing three compartments and each 
compartment containing a natural parasite-free nest. Upon fledging, around 17-20 
days after hatching, birds were transferred to small wire-mesh cages in groups of 
three. Around day 35 after hatching, they were completely independent and we 
transferred them to standard individual cages of 0.9 m × 0.4 m × 0.5 m with solid 
bottom, top, side, and rear walls, a wire-mesh front and three perches. Birds were 
kept under natural light conditions in acoustic and visual contact with each other.  
 
After two days of individual housing, in June/July, we performed a novel 
environment test and a novel object test on all hand-reared juveniles to test for 
early exploratory behaviour ((Drent et al., 2003); further details below). In July, we 
took a blood sample for sex determination. In September, after their first moult, we 
transferred individuals to single-sex groups (maximum 7 males or 8 females) in 
semi-open outdoor aviaries (2 m x 4 m x 2.5 m), which was there standard housing 
outside the breeding season. Food consisted of a homemade mixture of ground beef 
heart, egg, calcium and a multivitamin solution, supplemented with mealworms, 
apple, and sunflower seeds and fat balls in winter, and was available ad libitum. In 
October, when birds were full-grown, we measured tarsus with sliding callipers to 
the nearest 0.1 mm. From October-February, birds were tested for associative and 
reversal learning performance to assess their cognitive flexibility. Based on their 
performance in the reversal learning task, we selected individuals for the ‘reversal 
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learning line’ breeding pairs in the same semi-open aviaries to produce the next 
generation in captivity (for details see heading “Selection procedure and breeding” 
below). 
 
Eggs produced by this parental (P) generation and the subsequent, first (F1) 
generation were placed in a natural nest at our field site to be incubated by wild 
foster females. Ten days after hatching, nestlings were collected, brought to our 
indoor facilities and hand-reared as described above (224 F1 chicks from 29 P pairs 
and 181 F2 chicks from 27 F1 pairs). These chicks were tested for exploratory 
behaviour for associative and reversal learning performance. 
 
Reversal learning task 
In total, we successfully tested 105 animals from 33 pairs (P), 149 (F1) and 131 
(F2) individuals for reversal learning performance. From these birds, we tested 52 
P, 55 F1 and 15 F2 individuals a second and 52 P individuals a third time to obtain 
repeated measures, from here on we refer to these repeated measures as ‘testing 
rounds’. Supplementary Figure 2.1 and Supplementary Table 2.1 provide an 
overview of the sample sizes and timeline for the selection procedures as well as 
repeated measures.  
 
Experimental apparatus 
We used automated feeders to assess learning performance, using a three-choice 
spatial learning procedure. During each experiment, one feeder would provide a 
reward (freeze-dried mealworm) in a triangular array with two other unrewarding 
feeders, requiring individuals to learn the location of the rewarded feeder. A 
triangular array with three feeders is different from most laboratory setups, where 
there are typically two choices. However, spatial reversal learning paradigms can 
involve additional choice options (Kosaki and Watanabe, 2012; Remmelink et al., 
2016; Tello-Ramos et al., 2019; Reichert et al., 2020; Morand-Ferron et al., 2022), 
making it possible to distinguish between error types and foraging strategies 
(Izquierdo et al., 2017). We used two feeder types for these experiments, the second 
type being a refined version that allowed for automated reversal switching. 
 
Feeder type one (Supplementary Figure 2.2a): For the first testing round of the P 
generation, we used radio-frequency identification (RFID) controlled automated 
feeders (Reichert et al., 2020). Access to food (freeze-dried mealworms) was 
controlled by a transparent plastic door at the feeder opening, held in place by a 
solenoid. The solenoid would release for two seconds upon detection of a specific 
Passive Integrated Transponder (PIT) tag, allowing an individual access to one food 
item by pushing open the door. RFID readings and solenoid activation were 
controlled by a custom program loaded onto a printed circuit board (‘Darwin 
Board’, Stickman Technologies Inc., UK). All visits and their timestamps were 
monitored with the RFID antenna throughout the experiment. 
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Feeder type two (Supplementary Figure 2.2b): In subsequent experiments (P 
generation testing rounds two and three, F1 and F2 all testing rounds), we 
substituted the above-described feeding stations for automated “smart” feeders, 
designed by NatureCounters (Maidstone, UK). These feeders functioned similarly 
to the Type one devices, and were also equipped with an RFID antenna. Opening 
and closure of a transparent plastic door was controlled with a micro-servomotor. 
Upon registration of a PIT-tag, the door opened for a set duration of two seconds. 
The three feeders were connected through a network cable, allowing for integrated 
responses between the feeders.  
 
Training 
Eight days prior to testing, individuals were trained to use the feeders under 
standard housing conditions in semi-open outdoor aviaries. Before training, birds 
were weighed and provided with a PIT-tag. During this training period, food and 
water were available ad libitum, but live mealworms were excluded from the diet. 
On day one of the training period, we placed one or two feeders in the aviary, with 
the doors permanently open so that birds could learn to eat from the open door. On 
days two to seven, the door of the feeders was closed and set to a mode where it 
could only be opened when triggered by a landing and successful transponder 
reading of any of the birds. On day eight, birds were selected for testing if during 
that week, they had > 80 visits per day at least once, > 30 visits per day at least twice 
(mean of maximum visits per bird on the day it had the most visits = 268 visits, see 
Supplementary Figure 2.3a for distribution) or >30 visits per hour at least once 
(mean of maximum visits per bird in the hour it had the most visits = 60 visits, 
Supplementary Figure 2.3b). This selection criterion was chosen because the 
median number of visits that was needed to complete both the associative and 
reversal task was 31 visits, the criterion ensured that most individuals would be 
apt enough at using the devices to finalize the task within one day. 
 
Learning experiment 
We tested all birds between 9:00h and 15:00h. We caught individuals from the 
group, weighed them, and released them individually in a testing aviary. In this 
testing aviary, water was available ad libitum and food was not available during the 
test to maintain the motivation to take part in the learning test. Testing took place 
with three feeders positioned in a triangular array, doors facing inwards. 
 
In the associative learning phase, we randomly chose a priori which feeder would 
provide a reward for that individual. The feeder door of the assigned feeder opened 
upon tag registration, whereas the other two feeders stayed closed when visited. 
This assigned feeder was reinforced until individuals reached a criterion level of six 
correct trials out of seven. This success rate is significantly different from the 
expectation if birds selected feeders at random (binomial test, p < 0.01). A trial was 
defined as a landing on the perch. 
 
After completing the associative learning phase, the reversal learning task began 
and the reward contingencies were reversed to one of the other two feeders, which 

Chapter 2



33 

was randomly chosen a priori. All experimental tests were observed live through a 
one-way observation screen and upon reaching criterion, the observer initiated the 
reversal manually. Again, birds had to reach the learning criterion of six correct 
visits over seven trials to the new feeder. Individuals had from 09:00 until 15:00 to 
complete both phases of the test. Both phases were filmed using a GoPro Hero5 
(GoPro inc.) placed inside the aviary in case rewatching was necessary. After the 
test, birds were caught, weighed and released back in their home aviary or housed 
temporarily in a standard individual cage until release in their home aviary. 
Associative and reversal learning performance were scored as the total number of 
trials required to reach the learning criterion of six correct visits out of seven 
subsequent trials, including those last seven visits. 
 
After testing the parental generation with the first feeder type, we refined our 
testing feeder to allow for automated high-throughput phenotyping. In summary, 
the following changes were implemented when using feeder type two: (i) For the 
associative learning phase, the first feeder that a bird chose to visit was rewarded, 
instead of a random feeder. This ensured faster completion of the associative 
learning phase and that any variations in reversal learning performance would not 
be due to differences in preferences. (ii) The devices were programmed such that 
the rewarded feeder switched automatically to initiate the reversal phase when the 
learning criterion was reached. This allowed for the learning experiments to take 
place without human intervention. Birds continued serial reversals until caught 
from the aviary at 15:00, but for all analysis in this paper we only included the first 
reversal of each testing round. (iii) Due to a difference in design and the cable that 
was needed to connect the three devices, the doors faced away from the centre of 
the three devices, instead of inwards. (iv) Energetic state and satiation can affect 
evaluation of the food reward as well as learning speed (Rowe and Healy, 2014). 
Therefore, we offered dry egg food ad libitum in the test aviary during the 
experiment, so birds could reach their desired satiation level, to reduce 
motivational differences between individuals. This was possible because great tits 
strongly prefer the dried mealworm rewards in the feeders over dried egg food. 
Despite these differences, the basic principles of the test remained the same: 
individuals were trained to visit one out of three feeders, and once learning was 
established (learning criterion was reached), one of the other two feeders would 
become rewarded. In all analyses, we controlled for the type of feeder used to 
measure learning performance.  
 
Exploratory behaviour and boldness 
To test birds for exploratory behaviour, we conducted a novel environment test in 
the observation room after two days of individual housing, when the birds were 
approximately 35 days old (for more details, see (Verbeek et al., 1994; Drent et al., 
2003)) We used the total number of flights (movements between trees) and hops 
(movements within trees) within the first two minutes as an index of exploratory 
behaviour (‘exploratory score’) as in (Dingemanse et al., 2002). All birds were 
tested at the same age and around the same dates each year. We estimated a second 
personality measure, ‘boldness’, by executing a novel object test on day one and day 
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two after the novel environment test (R = 0.54, CI = [0.4,0.6], p < 0.001), for details 
see (Drent et al., 2003). Birds were characterized for shyness and boldness 
assessing their latency to approach the object and the shortest distance to it within 
120 s, and the results for each test were converted linearly to a 0 – 5 scale. A score 
of five was given when the bird pecked the object, a score of zero when the bird did 
not land on the perch on which the object was situated. We summed scores from 
both novel object tests as an index of boldness (0 – 10, ‘boldness score’).  
 
Selection procedure and breeding 
From the parental generation, individuals were selected to breed based on their 
reversal learning performance (trials to criterion) in the first testing round. 
Individuals were ranked on the number of trials they required to reach learning 
criterion. For both the ‘fast’ and ‘slow’ learning lines we selected 18 males and 18 
females and created ‘fast’ and ‘slow’ pairs. For each sex, we included a maximum of 
three siblings per line. Within each line, we ranked the selected birds for reversal 
learning performance for the two sexes separately. We then paired males and 
females that had contrasting reversal learning performances (e.g. a relatively high 
performing male with a relatively low performing female), avoiding full-sib mating.  
From February onwards, these 36 breeding pairs were housed in semi-open 
outdoor aviaries (approximately 2.0 m x 4.0 m x 2.5 m) under natural photoperiod 
length and temperatures. Each aviary contained four nest boxes. From March 
onwards, daily additional light was supplied from a single full-spectrum daylight 
fluorescent lamp (58W, 5500K, Truelight, the Netherlands) per aviary. Lights were 
on from 2.5 hr before sunrise (but never earlier than 02:00) until 24:00 to 
synchronize their breeding with the wild population. Moss as nesting material was 
supplied from mid-March onwards, and once nest building had started, dog hair 
was also supplied. 
 
Nest boxes in the aviaries were checked twice a week for nest building. When nests 
were complete, next boxes were checked daily for egg laying. Freshly laid eggs were 
collected, replaced with dummy eggs, and stored for a maximum of 14 days in an 
egg-turner. For incubation by foster females, eggs were placed in a wild nest at the 
nest box population in Boslust. After five days of incubating the artificial dummy 
clutch, the nests in the aviaries were removed and females were allowed to relay. 
Alternatively, eggs were incubated by the female for five days and transported to 
the field using heat packs to keep eggs warm, after which they were placed in a wild 
nest to be further incubated by foster females.  
 
To produce the F2 generation, we formed 18 pairs for each line from the F1 
generation as described above for the P generation, selecting individuals with the 
lowest trials to criterion for the ‘fast’ line and highest trials to criterion for the ‘slow’ 
line, avoiding full-sib and first-cousin mating. Not all pairings bred successfully. We 
obtained 86 chicks from 16 ‘fast’ broods and 63 chicks from 12 ‘slow’ broods from 
the P generation, and 37 chicks from 10 ‘fast’ broods and 94 chicks from 16 ‘slow’ 
broods from the F1 generation (Supplementary Figure 2.1). 
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Statistical analysis 
For both associative and reversal learning performance, we used the number of 
trials to reach learning criterion as performance measure. Across all reversal 
learning tests, 56 out of 573 times, the criterion was not reached before 15:00 hr, 
meaning trials to criterion was censored. To investigate if performance differed 
between associative and reversal learning performance while including censored 
individuals, we therefore compared survival curves between the associative and 
reversal learning task. We used the functions Surv and Survfit from the ‘survival’ 
package (Therneau et al., 2022) to compute Kaplan-Meier survival curves. The 
Kaplan-Meier method is normally used to estimate survival probability from 
observed survival times. We employ it to estimate number of trials to criterion for 
censored individuals. We used an individuals’ maximum number of trials for 
“follow up time”, and success (0 = criterion not reached, 1 = criterion reached) for 
“event”. We used the function survdiff (Therneau et al., 2022) to compare the two 
survival curves of the associative and reversal learning task, by computing a log-
rank test employing a chi-square test statistic. As expected, individuals needed 
more trials to finish the reversal learning task compared to the associative learning 
task (log-rank: χ�� =136, p < 0.01, Supplementary Figure 2.4). 
 
To include censored individuals in the linear regression models that we used to 
calculate heritability and repeatability, we computed so-called pseudo-values of the 
restricted mean survival time (which here reflects restricted mean trials to 
criterion) from the Kaplan-Meier survival curves (Andersen and Pohar Perme, 
2010). As a measure of trials to criterion, pseudo-values were computed for all 
observed trials, both censored and uncensored, using the function pseudo 
(Therneau et al., 2022). Pseudo-values were evaluated at the maximum trial 
number reached by the individual with the highest trials to criterion. To prevent 
confusion, the pseudo-values will hereafter be referred to as ‘trials to criterion 
(TTC)’. 
 
To test whether variation in associative and reversal learning performance can be 
explained by feeder type, test round, start time, body condition (residuals of the 
regression of body weight at start of the experiment against tarsus) or sex, we 
constructed linear mixed models with the function lmer in the ‘lme4’ package 
(Bates et al., 2015) with these explanatory variables and trials to criterion (ln-
transformed) as the dependent variable. To account for multiple observations, 
animal ID was included as random intercept. We created separate models for 
associative and for reversal learning performance. Significance of fixed-effects was 
tested using Type II ANOVAs Kenward-Roger degrees of freedom with the function 
Anova in the ‘car’ package (Fox and Weisberg, 2019). We evaluated terms using F-
tests. 
 
Heritability and repeatability of associative and reversal learning performance  
We used two approaches to assess narrow-sense heritability of associative and 
reversal learning. Narrow-sense heritability (h2) is the proportion of total 
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phenotypic variance (VP) that is attributed to the additive effect of genes, i.e., 
additive genetic variance (VA) (Falconer, 1989): 
 
ℎ� = ��

��
        (1) 

 
First, we estimated narrow-sense heritability of reversal learning performance 
using the response to artificial selection on performance on the first testing round. 
Because we only tested the parental generation with the first feeder type, we could 
not control for this using only data from the first testing round. Therefore, we used 
reversal learning performance corrected for feeder type, by taking the residuals 
from a linear model of the complete dataset including all testing rounds (in later 
testing rounds, the parental generation was tested with feeder type two), with trials 
to criterion (ln-transformed) as the dependent variable, and feeder type as the fixed 
effect. Estimates of heritability based on the response to selection are referred to 
as realized heritabilities (Falconer, 1989), and can be estimated from the breeder’s 
equation, 
 
𝑅𝑅 𝑅𝑅 �𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆       𝑆𝑆𝑆
 
By calculating the ratio of observed response to selection (R), the difference 
between mean offspring value and mean parent value, to observed selection 
differential (S), the difference between mean value of selected parents (weighted 
for number of tested offspring) and mean parent value, we estimated the realized 
heritability:  
 
ℎ��� =  �

�         (3) 
 
To estimate realized heritability over several generations of selection, we summed 
R and S over successive generations respectively, to acquire the cumulative 
selection response 𝑅𝑅�(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡     �(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
regressing 𝑅𝑅�(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  �(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡    tability as the slope of this 
regression (Falconer, 1989). 
 
Secondly, we used the ASReml-R package (Butler et al., 2017) to compare 
univariate mixed models differing in random effect structure with likelihood ratio 
tests (LRT) to test for the presence of among-individual variance and additive 
genetic variance. Using measures from all individuals across each testing round, we 
calculated repeatability as the proportion of phenotypic variance explained by the 
individual (Falconer, 1989), using ASReml-R. For both associative and reversal 
learning performance, the response variable was trials to criterion (ln-
transformed). Feeder type was included as a fixed effect in all models. The presence 
of among-individual variance was estimated by including a random effect of 
individual identity and comparing this model with the null model using a likelihood 
ratio test. Repeatability was then estimated as:  
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𝑅𝑅 𝑅 ��
��

= ��
�����

       (4) 
 
with VI representing among-individual variance, VP representing total phenotypic 
variance, and VR representing within-individual variance originating from 
plasticity and/or measurement error.  
We created a ‘full’ animal model to estimate the genetic parameters of both 
associative and reversal learning performance (Wilson et al., 2010). An animal 
model is a mixed-effects model that combines the information on phenotypes and 
the relationship between animals (pedigree) to partition total phenotypic variance 
(VP) between various sources, including additive genetic variance (VA). We included 
the following random effects: individual identity to account for repeated measures 
and estimate permanent environment effect (VPE), individual identity linked to the 
pedigree to estimate additive genetic variance (VA) and maternal identity to 
estimate maternal variance (VM). To statistically test for the presence of each of the 
variances, we compared the fit of this model to intermediate models using LRT, 
removing each respective random effect that we aimed to test for. Estimates of 
genetic variance (VA), permanent environmental variance (VPE) and maternal 
variance (VM) were extracted from the full animal model and scaled by the 
phenotypic variance (VP, calculated as the sum of the estimated variance 
components). This yielded estimations of maternal effect (m), permanent 
environment effect (pe) and heritability (h2), the latter being estimated as.  
 
ℎ� = ��

��
= ��

������ ���
      (5) 

 
For early exploratory behaviour, response variables were either ‘exploratory score’ 
or ‘boldness score’. We had no repeated measures, so tested only for the presence 
of additive genetic variance and maternal variance, by comparing a model 
containing either a random effect of individual identity linked to the pedigree or 
containing a random effect of maternal identity, with a ‘null’ model, containing no 
random effects. The estimate of genetic variance was then extracted from the 
animal model and scaled by the phenotypic variance to yield estimated heritability 
(h2). 
 
Relationship between associative and reversal learning performance 
To explore the relationship between associative and reversal learning performance 
in the first testing round, we employed a linear model using function lm from the 
‘stats’ package (R Core Team, 2022), with trials to criterion of reversal learning 
performance (ln-transformed) as the dependent variable and trials to criterion of 
associative learning performance (ln-transformed), feeder type and their 
interaction as fixed effects. 
 
For feeder type one, where we had randomly assigned the rewarded feeder a priori, 
we also explored how the relationship between reversal learning performance and 
associative learning performance depended on the number of trials it took a bird 
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until the first correct visit was made, which we called ‘correct visit lag number’. If 
the correct visit lag number equalled 1, the first feeder that an individual chose to 
land was also the rewarded feeder. If the correct lag visit number equalled 2 or 
higher, the individual first visited other unrewarded feeders. A higher correct visit 
lag number might indicate slow learning or a strong tendency to visit the other 
unrewarded feeder(s). For this, we used a linear model using function lm with trials 
to criterion (ln-transformed) of the reversal learning phase as the dependent 
variable, and trials to criterion (ln-transformed) of the associative phase, ‘correct 
visit lag number’ and their interaction as fixed effects. 
 
Significance of fixed- effects was tested using Type III ANOVAs and Kenward-Roger 
degrees of freedom. We evaluated terms using F-tests. Post hoc comparisons were 
performed with the function emtrends command in ‘emmeans’ package (Lenth et 
al., 2022) to compare estimates of slopes of the trials to criterion trend for each 
level of feeder type and mean ± SE of ‘correct visit lag number’, using the Tukey test 
to correct for multiple comparisons.  
 
Relationship between learning performance and exploratory behaviour and 
boldness 
To explore the relationship between either associative or reversal learning 
performance and ‘exploratory score’ or ‘boldness score’ we used a linear model 
using function lm (for only the first test round) and a linear mixed model using 
function lmer (across all test rounds, including individual ID as random effect) with 
trials to criterion (ln-transformed) of either associative or reversal learning as the 
dependent variable, and boldness, exploratory score and feeder type as fixed 
effects. Significance of fixed- effects was tested using Type II ANOVAs and Kenward-
Roger degrees of freedom. We evaluated terms using F-tests.  
 
All analyses were conducted in R version 4.0.3 (R Core Team, 2022).  

Results		
Heritability and repeatability of associative and reversal learning performance  
The significance and magnitude of fixed effects varied across task performances. 
These effects are not directly relevant to hypotheses being tested but are reported 
in full in Supplementary Table 2.2. Feeder type had a significant effect and was 
therefore controlled for all in subsequent models. Repeatability (with SE) of 
associative learning performance was low 0.06 ± 0.06, and likelihood ratio tests 
(LRT) showed no significant evidence for among-individual variation in 
performance (χ�� = 0.85, p = 0.36), estimated under model 1 as Vind/Vp = Vind/(Vind + 
VR). The addition of a random genetic intercept (χ�� = 0, p = 1) or permanent 
environment effect (χ�� = 0.00, p = 0.98) did not lead to a significantly improved 
model fit, but there was support for a small maternal effect (χ�� = 3.95, p = 0.05) 
(Table 2.1). For reversal learning, LRT support presence of among-individual 
variation in performance, though repeatability (with SE) was low 0.14 ± 0.07, χ�� = 
5.1, p = 0.02). The addition of a random genetic intercept (χ�� = 0, p = 1), maternal 
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effect (χ�� = 1.4, p = 0.23), or permanent environment effect (χ�� = 1.96, p = 0.16) did 
not lead to significantly improved model fit (Table 2.1). These results indicate there 
is no support for additive genetic variance in associative and reversal learning 
performance. For boldness (χ�� = 11.9, p < 0.001) as well as exploration (χ�� = 16.1, 
p < 0.001), there was evidence for significant heritable variation with estimates of 
h2 = 0.32 ± 0.11 for boldness and h2 = 0.34 ± 0.10 for exploration (Table 2.1). 
	
Table 2.1 Variance components, repeatability and heritability of cognitive and personality traits. 
Chi-square test statistics and p-values are provided for the individual term, testing for the presence 
of significant among-individual variation (Vind = VA + VM + VPE), and for the pedigree term, testing 
for the presence of significant additive genetic variance (VA). Permanent environment (VPE), 
maternal effects (VM) and residual variances (VR) are also given. Variance components for cognitive 
traits were obtained from a random regression animal model, corrected for feeder type. Variance 
components for personality traits were obtained from a single measure animal model. 

 
Realized heritability of reversal learning performance 
Great tits from the ‘fast’ and ‘slow’ line did not differ in reversal learning 
performance after one (t-test: t151 = 0.46, p = 0.65) and two (t-test: t129 = -0.89, p = 
0.37) generations of selection. The realized heritability (response to selection as 
proportion to selection differential) was 0.02 and did not differ significantly from 
zero after two generations (p = 0.50, Figure 2.1, Table 2.2).  
 
Table 2.2 Realized heritability estimates (h2) for reversal learning performance, calculated as the 
slope of the linear regression between cumulative selection differential and response to selection for  
fast reversal learning and slow reversal learning, calculating the average as well as realized 
heritability separately for each line.	

 

Trait	
	

VA	 
(SE)	

VM	 
(SE)	

VPE	 
(SE)	

VR	 
(SE)	

R	 
(SE)	

𝛘𝛘𝟏𝟏𝟐𝟐	 h2	 
(SE) 

𝛘𝛘𝟏𝟏𝟐𝟐	

Associative	
learning	

0.00  
(0.00) 

0.02  
(0.01) 

0.00  
(0.03) 

0.46  
(0.04) 

0.06  
(0.06) 

0.85, p = 0.36 0.00 
(0.00) 

0.00, p = 1.00 

Reversal	
learning	

0.00  
(0.00) 

0.01  
(0.01) 

0.04  
(0.03) 

0.34  
(0.03) 

0.14  
(0.07) 

5.1,	p	=	0.02	 0.00  
(0.00) 

0.00, p = 1.00 

Exploration	
	

4.54  
(1.59) 

0.06  
(0.57) 

- 8.94  
(1.17) 

- - 0.34  
(0.10) 

16.1,	p<	0.001	

Boldness	
	

2.88  
(1.09) 

0.00  
(0.00) 

- 6.23  
(0.00) 

- - 0.32  
(0.11) 

11.9,	p	<	0.001	

Line	 Realized	heritability	SE	 p-value	 R²	 F-statistic	 Residual	df	
Average 0.02 0.027 0.50 0.122 0.554 4 
Fast -0.02 0.067 0.82 0.075 0.081 1 
Slow 0.10 0.067 0.38 0.687 2.20 1 
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Figure 2.1 Response to selection per generation. (a) Boxplot with horizontal lines representing 
median and interquartile range of reversal learning performance as trials to criterion (TTC), circle 
and triangles indicate mean trials to criterion, corrected for feeder type. Eye plots represent density 
distributions for trials to criterion. Dots indicate number of individuals within each bin. (b) Realized 
heritability (h2) of reversal learning performance in an artificial selection experiment. Cumulative 
response to selection (R) is plotted as function of the cumulative selection differential (S) for each 
line selected on number of trials to reach learning criterion for two generations. The realized 
heritability (h2) was calculated as the slope of the linear regression between R and S (black solid 
line). Error bars represent standard errors. Dashed line indicates expected function if slope (h2) were 
0.15. Yellow, downward pointing arrows: fast line; blue, upward pointing arrows: slow line. 
 
Relationship between associative and reversal learning performance  
Reversal learning performance varied with associative learning performance, but 
the effect depended on feeder type (LM; TTC associative * Feeder type: F = 11.23, p 
< 0.01). Post hoc analysis indicated that for feeder type one, there was a trend for a 
positive relationship between associative learning and reversal learning 
performance (0.12 ± 0.08 t = 1.56, p = 0.13), whereas for feeder type two, this 
relationship was significantly negative (-0.21 ± 0.06 t = -3.64 p < 0.01), indicating 
that individuals that were slow during associative learning showed fast reversal 
learning (Figure 2.2a, Table 2.3).  
 
The two feeder types differed in whether the first (preferred) choice was rewarded 
for associative learning or whether a random feeder was rewarded. Using data from 
feeder type 1, we explored whether the fact that an individual needed to learn that 
a preferred or a random feeder was rewarded could explain the difference in 
direction of the relationship between associative and reversal learning. Indeed, 
there was a trend that the effect of associative learning on reversal learning 
performance depended on the latency to the first correct visit that was made during 
associative learning (LM; TTC associative * Correct visit lag number: F = 3.58, p = 
0.06). Post hoc comparisons show a significant positive relationship between 
associative learning and reversal learning performance when the ‘correct visit lag 
number’ is high (not learning initial choice, at mean +SD 0.5 ± 0.21 t = 2.30, p = 
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0.02), but that the slope flattens out as this number decreases (learning initial 
choice, at mean -SD -0.08 ± 0.18 t = -0.42, p = 0.67) (Figure 2.2b, Table 2.4). 

 
Figure 2.2 Relationship between the number of trials to criterion (TTC) (ln-transformed) in 
the reversal learning phase and the number of trials to criterion (ln-transformed) in the 
associative learning phase. Data is from the first testing round (higher values = more trials 
needed/slower learning). This is shown for a) feeder type 1 (Light grey, continuous line and dots) 
and type 2 (dark grey, dashed line and triangles) and for b) the interaction between associative 
learning and the ‘correct visit lag number’ (grouping levels based on standard deviation; +1 SD is 
dark grey solid line and -1 SD is light grey dashed line). Darker dots reflect a higher ‘correct visit lag 
number’. For both a) and b), plotted lines are marginal effects of the interactions term. Lines and 
shaded regions represent the model prediction (± 95 % confidence interval). The points of the 
scatterplot represent the actual data points. 
 
Table 2.3 Trials to criterion (TTC) of associative learning phase in the first testing round in 
interaction with feeder type (one/two) as predictor of reversal learning performance (n = 384), 
fitted with a linear mixed effect model. 

 
Table 2.4 Trials to criterion (TTC) of associative learning phase in the first testing round as 
predictor of reversal learning performance for only feeder type 1 (n = 104), fitted with a linear mixed 
effect model with ‘correct visit lag number’ as fixed effect. 
Variable	 Estimate	 SE	 F-statistic	 p-value	
(Intercept) 3.79 0.59   
TTC	associative	 -0.14 0.19 0.56 0.46 
Correct	visit	lag	number -0.37 0.20 3.33 0.07 
TTC	associative	*	Correct	visit	lag	number 0.11 0.06 3.59 0.06 
 
  

Variable	 Estimate	 SE	 F-statistic	 p-value	
(Intercept)	 3.29 0.14  	
TTC	associative -0.05 0.05 0.84 0.36 
Feeder	type	 -0.33 0.14 5.43 0.02	
TTC	associative	*	Feeder	type 0.17 0.05 11.23 <0.01 
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Relationship between learning performance and personality traits 
Associative learning performance in the first testing round associated with 
boldness score (Estimate: 0.03 ± 0.012, p = 0.021), with bolder individuals 
requiring more trials to reach learning criterion (Figure 2.3). When including 
repeated measures, this relationship was also apparent, but as trend (Estimate: 
0.02 ± 0.010, p = 0.076). Exploration score did not predict trials to reach learning 
criterion during the associative learning task (Estimate: 0.00 ± 0.009, p = 0.72). 
Reversal learning performance did not associate with boldness score (Estimate: -
0.01 ± 0.011, p = 0.52) or exploration score (Estimate: -0.01 ± 0.009, p = 0.18). See 
also Table 2.5.  
 

 
Figure 2.3 Significant relationship between boldness and associative learning performance. 
Higher boldness values = faster to approach novel object. Higher trials to criterion (TTC) = more 
trials needed/slower learning. Line and shaded region represent the model prediction (± 95% 
confidence interval). The points of the scatterplot represent the actual data points. 
 
Table 2.5 Predictors of the log transformed restricted mean trials to criterion for associative 
learning (n = 383; including repeats = 602 trials) and reversal learning performance (n = 378; 
including repeats = 559 trials). Data of only the first rounds was fitted with a linear model with 
apparatus type (one/two), exploration score and boldness as fixed effects. Data on all rounds was 
fitted with a linear mixed effect model with apparatus type (one/two), test round (one/two/three), 
exploration score and boldness as fixed effects and with bird ID included as random intercept. 
	 Associative	learning	 Reversal	learning	
Group	 Variable	 N	 Estimate	SE	 p-value	 N	 Estimate	SE	 p-value	
Round		
1	

Apparatus	type 383 -0.67 0.079 <0.001 378 -0.18 0.075 0.015 

	 Exploration	score  0.00 0.009 0.72  -0.01 0.009 0.18 
	 Boldness  0.03 0.012 0.021  -0.01 0.011 0.52 
All	
rounds	

Apparatus	type 602 -0.66 0.079 <0.001 559 -0.19 0.072 0.009 

 Round    0.11    0.027 
 R1  -0.05 0.045   0.11 0.043  
 R2  0.08 0.048   -0.02 0.046  
 R3  — —   — —  
 Exploration	score  0.00 0.008 0.94  -0.01 0.008 0.23 
 Boldness  0.02 0.010 0.076  0.00 0.009 0.75 
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Discussion	
To investigate the evolutionary potential of cognitive flexibility, we here used great 
tits to test the extent of among-individual variation and additive genetic variation 
of reversal learning and related traits using a bi-directional selection experiment of 
reversal learning performance. We found significant, but low, repeatability of 
reversal learning performance, but our artificial selection showed no evidence for 
narrow-sense heritability of reversal learning performance. We argue that this 
suggests a relatively low evolutionary potential of cognitive flexibility, but also 
points to difficulties with obtaining measures of cognitive flexibility.  
 
The fact that reversal learning performance has a significant repeatable 
component, even though our repeatability estimates were relatively low, shows 
that performance on this task is to some extent consistent. This is in line with other 
studies finding repeatability of reversal learning performance in great tits 
(Cauchoix et al., 2018; Reichert et al., 2020; Morand-Ferron et al., 2022). Low to 
moderate estimates of repeatability on cognitive traits are common (Cauchoix et 
al., 2018). Individual experiences and the environment play a large role in shaping 
cognitive abilities (Lambert and Guillette, 2021), which is why individuals typically 
show plastic cognitive phenotypes. This is especially true in reversal learning tasks, 
because subsequent reversals can induce a change in prior knowledge, essentially 
changing the trait that is measured (Izquierdo et al., 2017). Furthermore, because 
we used relatively long measurement intervals (mean = 345 days), our 
repeatability estimates may be somewhat conservative. Over longer time periods, 
the environment of an individual is more likely to change relative to the last 
measurement, increasing within-individual variation in performance (Ashton et al., 
2022). The fact that we find repeatability over long time intervals indicates that 
among-individual differences in reversal learning performance truly exist and can 
be stable across longer time periods.  
 
Contrary to our predictions, and despite the detected repeatability, reversal 
learning performance did not respond to artificial selection over generations, and 
we found no evidence for heritable variation. The fact that in line with previous 
research, we found evidence for heritability of both personality traits we measured, 
boldness towards a novel object and exploratory behaviour, shows that our 
pedigree data was sufficient to pick up moderate heritabilities (Drent et al., 2003; 
Quinn et al., 2009; Class et al., 2019). The low heritability estimates and lack of 
response to selection as we found here, suggest that reversal learning performance 
has little to no evolutionary potential. Potentially, genetic variation may have been 
selected against for cognitive flexibility, since traits closely linked to fitness are 
expected to have little additive genetic variance, possibly lost through strong 
directional selection (Houle, 1992), but considering the wide phenotypic variation 
in trials to criterion, that does not seem to be the explanation for the results in this 
study. Instead, considering the high contribution of residual variance, there is still 
a lot of individual variation unaccounted for, and we speculate on some possible 
sources of variation in the discussion below.  
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Other studies did find moderate heritability in reversal learning performance, in 
red junglefowl (Gallus gallus) and house mice (Mus musculus), (Laughlin et al., 2011; 
Sorato et al., 2018; Bailey et al., 2021), although no heritability was found in Aegean 
wall lizards (Podarcis erhardii) (De Meester et al., 2022b). What can explain the 
different findings among studies? In other work on the great tit, problem solving 
was shown to be a moderately repeatable composite behaviour (Cole et al., 2011) 
but not heritable (Quinn et al., 2016). Furthermore, repeatability in problem 
solving was shown to be explained entirely by the underlying behaviours 
(motivation, experience, selective attention; (Cooke et al., 2021)), possibly 
explaining the lack of heritability in problem solving performance. Similarly, 
reversal learning performance is a composite trait made up of different cognitive 
components (Nilsson et al., 2015); its heritability is therefore dependent on the 
additive genetic variation of each of these components, and on their covariance (as 
detailed below). We summarized reversal learning performance as the number of 
trials to reach a learning criterion. This is a commonly used performance measure, 
but it does not allow to disentangle the different cognitive components that 
determine performance. If different task types, experimental setups, or species, 
lean more towards usage of one of the components, our chosen performance 
measure, trials to criterion, might be the cause of the differences between our and 
other studies. Furthermore, since each cognitive component itself may also be 
influenced by environmental variation, total additive genetic variation on a 
summary measure like trials to criterion may be masked.  
 
Reversal learning performance tests a combination of cognitive components, that 
trials to criterion may not adequately capture (Pravosudov, 2022) such as: (1) the 
degree of proactive interference, where previously learnt, but now irrelevant, 
information interferes with learning and remembering newly relevant information 
(Tello-Ramos et al., 2019; Tsakanikos and Reed, 2022). Proactive interference 
results in perseverative choices and explained a large part of the among-individual 
variation in reversal learning performance in great tits (Morand-Ferron et al., 
2022); (2) attentional allocation, the ability to notice that the change has occurred, 
resulting in a potential failure to detect task transitions (Izquierdo et al., 2017). For 
example, high resistance against external sources of interference (external 
attention) impairs reversal learning performance (Sauce et al., 2014); and (3) 
learning the new cue-reward association through reinforcement learning 
(Morand-Ferron et al., 2022). Reinforcement learning is involved in both 
associative and reversal learning performance since both phases require 
individuals to learn from positive reinforcements, increasing the excitatory 
strength of a stimulus, and to learn from non-reinforcements, decreasing approach 
towards non-rewarded locations (Nilsson et al., 2015). Sensitivity to negative as 
well as to positive feedback are stable traits (Noworyta-Sokolowska et al., 2019). 
Each of these constituents may be separate components of reversal learning 
performance that selection can act upon, but the extent to which these components 
make up reversal learning and the heritabilities of these traits remain an important 
avenue of further study.  
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These different cognitive components are also important for understanding our 
findings on the relationships between associative learning and reversal learning 
performance. The relative importance of proactive interference suggests that 
reversal learning performance can be strongly dependent upon the outcome of the 
associative learning task. We found that associative and reversal learning 
performance are negatively correlated, in line with a hypothesized trade-off 
between learning and cognitive flexibility, in which animals that are quick at 
forming initial associations learn subsequent similar information less well (Amy et 
al., 2012; Del Giudice and Crespi, 2018; Tello-Ramos et al., 2019). However, we only 
observed this negative correlation when individuals were rewarded for their first 
choice during the associative learning task, which may be their preferred feeder. 
Individuals that were quick to learn their initial choice possibly had a stronger 
preference for this feeder, developed a stronger memory, and experienced more 
proactive interference during the reversal task. Strong preferences are difficult to 
reverse (Aljadeff and Lotem, 2021), and faster and stronger associative learning 
might make it more difficult to inhibit the response towards that cue (Griffin et al., 
2013; Bebus et al., 2016). On the other hand, when a randomly allocated feeder was 
rewarded first, there was a trend for a positive correlation between associative 
learning and reversal learning performance, if individuals were forced to learn a 
non-preferred feeder during the associative learning phase. Perhaps a stronger 
memory is formed if an individual takes a long time to learn a feeder to which it 
does not have a strong initial tendency to visit, causing more proactive interference 
of that memory, explaining the positive correlation between associative and 
reversal learning performance (Nettle et al., 2015).  
 
Following the speed-accuracy trade-off hypothesis (Sih and Del Giudice, 2012), we 
predicted that more exploratory and bolder individuals, who are supposedly less 
sensitive to new information, would therefore be worse at reversal learning 
performance while being better at associative learning tasks. However, contrary to 
other studies (Guillette et al., 2011; Marchetti and Drent, 2000; Mazza et al., 2018; 
van Oers, Klunder and Drent, 2005; but see Guillette et al., 2015), our findings do 
not support a speed-accuracy trade-off. We found a positive correlation between 
associative learning performance and boldness, but not exploratory behaviour. 
Importantly, a relationship between boldness or exploratory behaviour and 
reversal learning performance was absent. More proactive individuals have a 
stronger tendency to sample novel information (Arvidsson and Matthysen, 2016; 
Smit and van Oers, 2019; Rojas-Ferrer et al., 2020; Coomes et al., 2022), and may 
therefore need more trials to learn the associative learning task because they 
sample more before committing to one feeder. Considering the negative correlation 
between associative and reversal learning performance, there is a small potential 
for variation in reversal learning performance to be maintained through heritable 
among-individual variation in boldness. However, why this tendency does not 
persist in a relationship between reversal learning performance and boldness in 
our study is unclear. Perhaps these differences cannot be identified at the 
resolution of the performance criterion we used here. For example, bolder 
sticklebacks performed better during associative learning and made more mistakes 
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during reversal learning, but only during the first few trials, whereas these 
differences were not visible at trials to criterion (Bensky and Bell, 2020). This again 
suggests that dissecting the different mechanisms underlying reversal learning 
performance and relating them to associative learning and personality traits will 
be a crucial step towards a better understanding of any trade-offs between 
learning, flexibility and personality. We do however, not find a general tendency for 
personality differences to be the cause for consistent individual differences in 
reversal learning. Here, we only used single measures of our validated personality 
traits to associate with associative and reversal learning performance. Future 
studies should aim at associating multiple measures of a battery of cognitive 
functions to a battery of repeated personality traits, to see if these correlations hold 
at the among-individual level. 
 
In summary, our results demonstrate that reversal learning performance is 
repeatable over longer time periods but seems to have no additive genetic 
variation. Although this suggests a limited evolutionary potential, the intricate 
relationships with other behavioural measures such as associative learning 
performance and boldness suggest a more complex interplay of experiences and 
personality that together result in task performance, possibly explaining the lack of 
additive genetic variation here. For future studies, it will be crucial to disentangle 
the different components that likely underlie individual variation in reversal 
learning performance; reinforcement learning, proactive interference, and 
attentional allocation. This will allow for separately quantifying the repeatability 
and heritability of these components as well as their covariances, and their 
relationships with other behavioural traits and ultimately fitness. This should 
preferably be done across a range of environmental conditions to explore the 
possibility that selection acts on the level of reaction norms rather than on the 
reversal learning performance itself.	
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Supplement	to	Chapter	2	
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Supplementary Figure 2.1 Timeline of the artificial selection procedure for fast and slow reversal 
learning in great tits. For generation P, we used great tits that were hand reared as nestlings and 
that originated from a wild nest box population. We tested 105 birds for reversal learning 
performance and selected 36 individuals for fast and slow reversal learning to set up 18 breeding 
pairs for each line. From the 18 pairs of each line, the eggs were incubated by foster parents from 
the nest box population and we hand-reared the nestlings. From this F1 generation, we tested 86 
birds from 16 pairs from the fast line, and 63 birds from 12 pairs for the slow line for reversal 
learning performance. We selected 36 individuals respectively from the fast and slow reversal 
learning line to again set up 18 breeding pairs. Their offspring was also fostered and hand reared 
and from this F2 generation, we tested we tested 37 birds from 10 pairs from the fast line, and 94 
birds from 16 pairs for the slow line for reversal learning performance. Timing of repeated measures 
(R1=Round 1, R2=Round 2, R3=Round 3) and number of birds with repeated measures are also 
indicated in the table.  
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 Supplementary Table 2.1 The number of individuals that reached learning criterion (Y/N) and 
were selected for breeding (Y/N) for each generation (P, F1, F2), each line (FRL: fast reversal 
learning; SRL: slow reversal learning) and each round of testing. 

 

 

 

 

 

 

 

 
Supplementary Figure 2.2 Test setups. Aviary with water bowl, dry food bowl, perching trees and 
test devices: a) apparatus type one, with doors facing inwards and flat landing platforms for tag 
registration b) apparatus type two, with doors facing outwards and white landing perches for tag 
registration.  

 

 Line	 	 	 	 FRL	 SLR	
 Reached		

criterion	
Y	 N	 Sum	 Y	 N	 Sum	 Y	 N	 Sum	 Y	 N	 Sum	 Y	 N	 Sum	

Round	1 Selected	for	
breeding	

N Y N Y N 

P	 27 6 33 36 - 36    30 6 36    
Broods	   25   25      24    
F1	    36 - 36 47 3 50 36 - 36 24 3 27 
Broods	      16   16   12   10 
F2	       34 3 37    78 15 93 
Broods	         10      16 

 Total   33   72   87   72   120 
Round	2 P	    29 1 30    20 2 22    

F1	    31 1 32    30 3 33    
F2	       7 1 8    6 1 7 

 Total	      62   8   55   7 
Round	3 P	    28 1 29    19 4 23    

F1	                
F2	                

 Total	      29      23    

a b 
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Supplementary Figure 2.3 Histograms of individual habituation visits. a) number of visits for the 
day an individual had the most visits b) number of visits for the hour in which an individual had the 
most visits. Colours indicate generation. 

Supplementary Figure 2.4 Kaplan Meier plots of the trials to reach learning criterion during the 
associative and reversal learning task. “Time” is number of trials, and “event” is reaching trials to 
criterion. Every time an individual reaches learning criterion, the proportion of individuals 
succeeding at the task on the Y-axis increases. The effect of learning task was significant (log-rank 
test P < 0.001). TTC=trials to criterion.  
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Supplementary Table 2.2 Predictors of the log transformed restricted mean trials to criterion for 
associative learning (n = 387; n = 559 trials) and reversal learning performance (n = 383; n = 549 
trials), fitted with a linear mixed effect model with apparatus type (one/two), test round 
(one/two/three), sex (male/female), body condition and start time as fixed effects. Bird ID was 
included as a random intercept. Apparatus type significantly affected both associative learning 
performance (p < 0.001), and reversal learning performance (p = 0.016), trials to criterion being 
lower with apparatus type 2. For associative learning, males needed significantly less trials 
(p=0.015) but there were no significant effects of other control variables (test round, start time, body 
condition). For reversal learning, there was an effect of test round, with animals requiring less trials 
to complete the reversal phase over increasing rounds (p = 0.013) There was no effect of other 
control variables. 

 
 
 
 
 
 
  

	 Associative	learning	 Reversal	learning	
Variable	 Estimate	 SE	 p-value	 Estimate	 SE	 p-value	
Apparatus	type	(Two) -0.66 0.077 <0.001 -0.18 0.073 0.016 
Round   0.71   0.013 
R2 -0.05 0.075  -0.17 0.070  
R3 0.03 0.099  -0.20 0.094  
Sex	(Male) -0.14 0.057 0.015 -0.06 0.056 0.25 
Body	condition 0.00 0.000 0.62 0.00 0.000 0.60 
Start	time -0.04 0.034 0.22 -0.03 0.028 0.36 
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Chapter	3. 	

Cell	type-	and	brain	region-specific	patterns	of	
differential	gene	expression	and	chromatin	accessibility	

in	great	tits	(Parus major)	
 

Krista van den Heuvel, Beril Yildiz, Ilia Timpanaro, Aleksandra Badura, 
Chris de Zeeuw, Ingo Willuhn, Alexander Kotrschal, Menno Creyghton, 

Kees van Oers 
 

Abstract	
Epigenetic states are important mechanisms shaping both stable and dynamic 
transcriptional patterns in the brain that are involved in development, activity-
dependent gene regulation, and hormonal and environmental responses. One such 
important regulatory mechanism is chromatin organization, however there is a lack 
of studies on the role of epigenetic mechanisms in ecologically relevant species. One 
of such model species for ecological and evolutionary questions is the great tit 
(Parus major). To understand how chromatin state modulates transcription in the 
great tit brain, we used the Assay for Transposase Accessible Chromatin followed 
by sequencing (ATAC-seq) combined with transcriptome analyses on this species. 
Since there is a lack of a reference for our results, we validated our findings in two 
widely studied species, mouse and rat. We used brain tissue from great tit striatum, 
cerebellum and hippocampus to study how brain region- and cell type-specific 
open chromatin relates to gene expression. We found pronounced differences in 
chromatin accessibility between neuronal and non-neuronal populations from the 
great tit striatum, that were associated with differences in gene expression. 
Interestingly, these differences were similar to transcriptomic cell type differences 
in the mouse striatum. Furthermore, we created maps of chromatin accessibility 
across three brain regions (hippocampus, cerebellum, and striatum), and found 
that differences in chromatin accessibility between pairs of these regions were 
associated with differential gene expression between those regions. For the 
comparison between striatum and cerebellum we validated these findings in mouse 
and rat. We show that ATAC-seq can be used to study cell type-specific chromatin 
accessibility in relevant brain tissues in the avian brain. This opens up new avenues 
for studying the relation between epigenetic states and ecologically relevant traits 
in an ecological model species. 
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Introduction	
The neuronal control of cognitive processes is organised in a cell type- and brain 
region-specific manner. Identifying how those brain structures control normal 
functions is crucial to understand the causes of individual differences in cognitive 
abilities. To gain insights into the functional differences between these anatomical 
structures, we should study the identity and function of the genes with localized 
expression patterns, as well as their regulatory elements. The epigenome is 
particularly important for controlling chromatin organization as a regulatory 
mechanism of cell type- and brain region-specific gene expression (Rizzardi et al., 
2019). Epigenetic modifications, such as DNA and histone modifications, control 
the accessibility of chromatin to transcription factors (Klemm et al., 2019). In 
mammals, recent analyses have revealed extensive differences in both 
transcriptome and epigenome across brain regions (Strand et al., 2007; Negi and 
Guda, 2017; Fullard et al., 2018), and across cell types by making use of the nuclear 
neuronal marker (NeuN) to distinguish neurons from non-neurons (Rizzardi et al., 
2019; Rocks et al., 2022). Transcriptomic analysis has also been crucial in gaining 
understanding of the molecular and functional organization of the avian brain, 
specifically the zebra finch (Taeniopygia guttata) (Jarvis et al., 2013; Lovell et al., 
2020), with most recently a whole transcriptome study performed to compare the 
molecular profiles of avian pallial subdivisions (Gedman et al., 2021). However, 
thus far there has been no attempt to explore cell type and brain region-specific 
transcriptome and epigenome in ecological model species such as the great tit, and 
to what extent those mechanisms are similar to more widely studied species. This 
will be crucial in order to be able to make future predictions of the applicability of 
findings in laboratory model species in ecological species and vice versa.  
 
The epigenetic landscape in the brain not only functions in the development and 
maintenance of cellular identity but is also modified upon neuronal activity (Su et 
al., 2017). Therefore, understanding the molecular profiles of specific brain regions 
will provide an important baseline for the comparison of cognitive and behavioural 
phenotypes of which the regulation is situated in these regions. There is an 
increasing interest in studying epigenetic mechanisms in ecological and 
evolutionary model species to understand its involvement of in behavioural, 
ecological and evolutionary processes, but because of the ease of sampling, current 
knowledge is mostly limited to the function of DNA methylation in accessible 
tissues (Sepers et al., 2019). Because epigenetic regulation can be explained by 
chromatin accessibility changes, assessing chromatin state provides a good starting 
point for understanding the regulatory mechanisms underlying gene expression 
differences (Grandi et al., 2022). Differences in chromatin accessibility can be 
compared using the Assay for Transposase Accessible Chromatin followed by 
sequencing (ATAC-seq) (Buenrostro et al., 2015; Corces et al., 2017).  
 
We focus on three brain regions that are relevant to cognitive variation, have 
similar functions in birds and mammals, and are homologous between the two: the 
cerebellum, striatum and hippocampus. The striatum functions in decision making 
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and reward-based reinforcement learning as shown in mammals (Burton et al., 
2015) and birds (Rose et al., 2013b). The striatum is of subpallial origin, and has 
uncontroversial homology across mammals and birds (Jarvis et al., 2005; Belgard 
et al., 2013). The hippocampus functions in spatial learning and navigation in 
mammals (Morris et al., 1982) as well as birds (Mayer et al., 2013), with a crucial 
role for adult neurogenesis especially in the avian brain (Herold et al., 2019). The 
function of the cerebellum lies primarily in motor control (Manto et al., 2012), but 
it also plays a role in higher cognitive functions, such as emotion, reward, and 
memory as mostly shown in mammals (Strata, 2015; Adamaszek et al., 2017; 
Heffley and Hull, 2019; Pierce and Péron, 2022), but evidence for similar roles for 
the cerebellum in birds is accumulating (Ebneter et al., 2016; Katajamaa et al., 2021; 
Stingo-Hirmas et al., 2022). The avian cerebellum is equivalent to the hemispheres 
of the mammalian cerebellum (Yopak et al., 2017). As other studies have reported 
that most variance in gene expression and chromatin accessibility between brain 
regions is due to neuronal cells (Fullard et al., 2018), we use fluorescent activated 
cell sorting (FACS) to purify neuronal nuclei from the striatum and hippocampus, 
where less than 60% of cells is neuronal, but we use bulk cells for the cerebellum, 
where over 80% of cells is neuronal (Olkowicz et al., 2016). 
 
We here present cell type-specific transcriptome (RNA-seq) and open chromatin 
(ATAC-seq) analyses across three anatomically distinct brain regions of an 
ecological model species, the great tit (Parus major). In order to validate the 
generality of our findings, we additionally analysed the transcriptome of the 
striatum and cerebellum of mouse (Mus musculus) and rat (Rattus norvegicus) and 
performed species comparisons of regional expression patterns. Collectively, our 
results show distinct patterns of gene expression across brain regions and between 
cell types within brain regions, which correlate well across species. We show that 
these differences are accompanied by unique patterns of chromatin accessibility 
and reflect the functions of the respective cell types and regions.  

Materials	and	Methods	
Sample origins 
Great tit 
Tissue samples were collected from 16 male and female great tits (1–2 years old) 
originating from a captive population derived from wild-caught birds from the 
Netherlands and artificially selected for reversal learning performance for two 
generations (Chapter 1). Eight male birds originated from the parental generation, 
and 4 females and 4 males originated from the second generation of selection. 
Individuals were caught from their cage or aviary and deeply anaesthetized with 
isoflurane (IsoFlo, Zoetis, Kalamazoo, MI, USA). After decapitation, the brain was 
dissected out and placed in ice-cold PBS for further micro dissection of the 
cerebellum, and bilateral dissection of striatum (including area X) and 
hippocampus. Brain regions were located by the use of the online zebra finch brain 
atlas (Karten et al., 2013) ZEBrA (Oregon Health & Science University, Portland, OR, 
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USA; http://www.zebrafinchatlas.org). Isolated tissue was flash-frozen in liquid 
nitrogen in 1.5 ml RNA-free tubes and stored at −80°C until RNA isolation. 
 
Mouse 
Eight wild-type C57BL6/6JRj male mice (4 months old) were sacrificed using 
CO2 followed by cervical dislocation. Their brains were rapidly dissected from the 
skull and whole cerebellum and striatum were further bilaterally dissected. 
Isolated tissue was flash-frozen using dry ice in 2 ml RNA-free tubes and stored at 
−80°C until RNA isolation.  
 
Rat 
Eight outbred Long-Evans (Janvier) male rats (4 months old) were sacrificed using 
CO2 followed by cervical dislocation. Their brains were rapidly dissected from the 
skull and whole cerebellum and striatum (ventromedial, dorsomedial, 
dorsolateral) were further bilaterally dissected. Isolated tissue was flash-frozen 
using dry ice in 2 ml RNA-free tubes and stored at −80°C until RNA isolation.  
 
Nuclei isolation 
Frozen brain tissue (great tit: 8x cerebellum, 8x hippocampus, 16x striatum; mouse: 
8x cerebellum, 8x striatum; rat: 8x cerebellum, 8x striatum) was pulverized with 
mortar and pestle on dry ice to yield ~0.2 mL of tissue powder. Tissue powder was 
homogenized in a glass douncer (Kontes Glass Co.) in 0.5 ml EZ buffer (Nuclei 
Isolation Kit, Sigma NUC101) and incubated for 5 min on ice. Subsequently samples 
were centrifuged for 15 min at 65 × g at 4 °C, resuspended in 0.5 mL EZ buffer and 
incubated on ice for 5 min. Samples were again centrifuged for 15 min at 65 × g at 
4 °C, resuspended in 0.5 mL nuclear suspension buffer (NSB; 0.01% BSA, 1× 
complete protease inhibitor cocktail in PBS) and filtered through a 40 µm cell 
strainer. Samples were centrifuged for 15 min at 65 × g at 4 °C and resuspended in 
0.5 mL NSB.  
 
Striatum and hippocampus 
For nuclei collected from the striatum and hippocampus, 1:1000 Hoechst 34580 
(1 µg/ml, Fisher Scientific H21486) was added to blocking solution (1% BSA, 10% 
normal mouse serum (NMS) in PBS) and incubated light shielded at 4 °C for 20 min. 
10% of the blocked sample was used as unstained control, the remaining 90% was 
stained with 1:1500 anti-NeuN antibody conjugated with Alexa488 (1:1000, Merck 
Millipore MAB377X) without washing and incubated for 1 h at 4 °C on a roller, 
protected from light. Stained nuclei were then transferred to FACS tubes precoated 
with 3% BSA and FACS-sorted on NeuN signal using a BD FACSAria II (BD 
Bioscience) (Supplementary Figure 3.1). We collected 5,000 neuronal (NeuN+ 
stained) and 5,000 non-neuronal (NeuN− stained) nuclei in 100 µl Trizol each for 
RNA-sequencing. 60,000 NeuN+ and NeuN− stained nuclei were collected in NSB 
and processed further for ATAC-sequencing.  
 
Cerebellum 
Bulk nuclei from cerebellar tissue were stained with trypan blue and counted on a 
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hemacytometer. 50,000 nuclei were processed further for ATAC-sequencing, 5,000 
nuclei were pelleted by 10 minutes centrifugation at 500g and resuspended in 100 
µl Trizol for RNA-sequencing. 
 
RNA-sequencing  
RNA-sequencing was performed at Single Cell Discoveries, a (single cell) 
sequencing provider located in the Netherlands using an adapted version of the 
CEL-seq protocol. In brief: Total RNA was extracted using the standard TRIzol 
(Invitrogen) protocol and used for library preparation and sequencing. mRNA was 
processed as described previously, following an adapted version of the single-cell 
mRNA seq protocol of CEL-Seq (Simmini et al., 2014; Hashimshony et al., 2016). In 
brief, samples were barcoded with CEL-seq primers during a reverse transcription 
and pooled after second strand synthesis. The resulting cDNA was amplified with 
an overnight In vitro transcription reaction. From this amplified RNA, sequencing 
libraries were prepared with Illumina Truseq small RNA primers. Paired-end 
sequencing was performed on the Illumina Nextseq500 platform with a sequencing 
depth of 10 million reads/sample. All reads were trimmed of adapters and low 
quality bases using fastx and sequencing quality was checked using the software 
FastQC v0.11.9 (Andrews, 2010). Trimmed reads were mapped to the Parus major 
reference genome (Ensembl Assembly Parus_major1.1: GCA_001522545.2), Mus 
musculus reference genome (Ensembl Assembly GRCm38.p6: GCA_000001635.8) 
and Rattus norvegicus reference genome (Ensembl Assembly Rnor_6.0: 
GCA_000001895.4) using Hisat2 v2.2.1 (Kim et al., 2019) with default parameters. 
To summarize gene level read counts, we used the featureCounts program from the 
Subread package v2.0.2 (Liao et al., 2014). 
 
Principal component analysis on RNA-seq data	
Using DESeq2 v1.38.0 (Love et al., 2014), low count genes were pre-filtered using a 
cut-off of 10 normalised counts in >75% of the samples (for pairwise comparisons) 
or at least 10 normalized counts in at least three samples in one brain region (for 
three wise comparisons). Mitochondrial and ribosomal RNA reads were removed 
from the gene expression matrix. The final matrix consisted of the following 
number of genes: great tit striatum cell type; 11,177, mouse striatum cell type; 
13,128, great tit brain regions; 13,499, mouse brain regions; 16293, rat brain 
regions; 13,939. Remaining read counts were normalized with post-filtering library 
sizes and log2 transformed using the rlog function. Following normalization, we 
performed Principle Component Analysis (PCA) using DEseq2 with the function 
plotPCA to visualize clustering of the samples and to spot individual sample outliers 
that separated significantly based on size factor (reflecting library size and/or RNA 
composition bias). These samples were then removed and the filtering and 
normalization steps were repeated. Sample sizes were therefore different than 
what we initially started with. We used the following samples for further analysis. 
Great tit: 4 striatal NeuN- (2F/2M) and 9 striatal NeuN+ (4F/5M), 8 hippocampal 
NeuN+ (all male) and 5 cerebellar bulk (all male) nuclei. Mouse: 5 striatal NeuN-, 5 
striatal NeuN+, 5 cerebellar bulk nuclei (all males). Rat: 3 striatal NeuN+ and 2 
cerebellar bulk (all male). An overview of included samples including library 
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quality can be found in Supplementary Table 3.1. In order to visualize principal 
sources of variation in the data, we performed final PCA analyses and visualized the 
first two principal components (PCs) with the DEseq2 function plotPCA, applying 
the default setting limiting the analysis to the top 500 most variable genes. 
Additional PCs were obtained using the prcomp function in R. We also plotted the 
percent variance explained by each PC. We tested for cell type or brain region 
differences in principal components using the correlate PCs functions in 
pcaExplorer, which computes the significance of correlations between PCA scores 
and the experimental covariates. 
	
Differential gene expression analysis 
Differences in gene expression (as log2Foldchange) were calculated using DESeq2. 
We tested for differential expression of genes in the following comparisons: (1) 
great tit striatal NeuN+ versus great tit striatal NeuN-; (2) mouse striatal NeuN+ 
versus mouse striatal NeuN-; (2) great tit striatal NeuN+ vs great tit hippocampal 
NeuN+ vs great tit cerebellar bulk (three pairwise comparisons); (3) mouse striatal 
NeuN+ vs mouse cerebellar bulk; (4) rat striatal NeuN+ vs rat cerebellar bulk. To 
control for the false discovery rate due to multiple testing, p-values were adjusted 
using the Benjamini-Hochberg (BH) procedure. Genes were considered as 
statistically differentially expressed if they displayed a 1-fold enrichment with 
adjusted p-values < 0.05. Volcano plots were generated using EnhancedVolcano 
v1.16.0 (Blighe, 2018). For the great tit brain region comparison, we continued the 
filtering to find regional differences in gene expression. To identify sets of genes 
that are enriched in one of the three regions only, we selected genes that showed 
significantly higher expression in a brain region in both pairwise comparisons with 
the other two regions. We summed the log2Foldchange of both comparisons to 
create a ranked set of top-regionally expressed genes.  
 
Comparison between cell type- and brain region-specific differences in gene 
expression across species 
To assess to what extent differences in gene expression were correlated across 
species, we obtained one-to-one orthologs using the getLDS function from BiomaRt 
v2.54.0 (Durinck et al., 2005, 2009). If multiple gene IDs of one species map to the 
on single gene ID of the other species, we retained only the gene ID with the highest 
base mean expression. We then trimmed the dataset by excluding genes with a 
change in expression of log2Foldchange < 1, plotted the log2Foldchange of one 
species against the log2Foldchange of another species and calculated Pearson 
correlation scores, comparing great tit with mouse in striatal neuronal and non-
neuronal nuclei and comparing great tit, mouse and great in striatal neuronal 
versus bulk cerebellar nuclei. Orthologous genes were also used to create Venn 
diagrams to visualize intersections between differentially accessed genes across 
species. 
 
Gene ontology analyses on differential gene expression 
To identify significantly enriched gene ontology (GO) terms, we used clusterProfiler 
v4.6.0 (Yu et al., 2012) to perform Gene Set Enrichment Analysis (GSEA). GSEA does 
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not require delineation of DEGs from non-differential genes. We ranked the test 
statistic of all assessed genes to test for significantly coordinated shifts in gene 
pathways, as suggested by (Zyla et al., 2017). For all gene sets, we retained only 
those with 15-500 genes. We used the human, mouse and rat gene ontology 
database, for great tit, mouse and rat data, respectively. Great tit genes were 
mapped to their corresponding human orthologs based on HUGO Gene 
Nomenclature Committee (HGNC) symbol. Genes that could not be assigned to a 
human gene were excluded, and therefore great tit-specific genes are missing from 
these analyses. We kept all GO terms, namely biological process (BP), cellular 
component (CC) and molecular function (MF) and considered an adjusted p-value 
< 0.05 after BH correction and 10,000 permutations to be significant. We used 
enrichment map plot (emapplot) to visualize overlap in significant GO terms as well 
as interactions among terms. 
 
Assay for transposase-accessible chromatin using sequencing (ATAC-seq)  
OMNI-ATAC was performed on great tit samples: 8x cerebellar bulk, 8x 
hippocampus NeuN+, 8x hippocampus NeuN-, 16x striatum NeuN+ and 16 striatum 
NeuN- nuclei, according to an adapted protocol from (Corces et al., 2017). In short, 
0.1% NP-40 was added to the nuclei and samples were centrifuged for 15 min at 
500 × g at 4 °C. Nuclei were resuspended in 50 µl transposition mix (25 µl TD buffer 
(20 mM Tris-HCl pH 7.6, 10 mM MgCl2, 20% dimethyl formamide in MQ), 2.5 µl Tn5 
transposase, 16.5 µl PBS, 0.5 µl NP-40 1%, 10% Tween-20 / Triton-X, 0.5 µl, 5 µl 
MQ) and incubated for 30 min at 37 °C while shaking at 1000 rotations per minute. 
Samples were purified using Qiagen MinElute PCR purification kit (Qiagen 28004) 
and eluted in 21 µl MQ. Purified DNA was amplified with NEBnext High-Fidelity PCR 
master mix (NEB M0541S) and appropriate sequencing adapters for five PCR 
cycles. Library complexity was determined by qPCR on 5 µl of the PCR sample and 
the number of extra PCR cycles determined (Buenrostro et al., 2015). PCR samples 
were purified using AMPure XP beads (Agencount A63881), eluted in 12 µl MQ and 
sequenced at USEQ on a high-output NextSeq500, 1× 75 bp.  
 
We trimmed reads of the Nextera adapter sequences using trim-galore v0.6.6 
(Krueger, 2023). We then mapped trimmed reads to the Parus major reference 
genome (NCBI Assembly Parus_major1.1: GCF_001522545.3) using Bowtie2 v2.4.4 
(Langmead and Salzberg, 2012), with standard parameters and a maximum 
fragment length of 2,000. Samtools v1.12 (Danecek et al., 2021) was then used to 
remove unmapped, low quality (keeping MAPQ ≥ 20), duplicate and mitochondrial 
reads from further analysis. We only continued analysis with samples of which the 
data was of high enough quality, measured as fraction of reads in peaks (FRiP) 
scores exceeding the 0.8% threshold. Sample sizes were therefore different than 
what we initially started with and included 7 striatal NeuN- (3F/4M), 8 striatal 
NeuN+ (3F/5M), 6 hippocampal NeuN+ (all male) and 3 cerebellar bulk (all male) 
samples. The mean percentage of unique reads of the final selected samples was 
79.4%, an overview of the final sample selection can be found in Supplementary 
Table 3.2. Accessible regions were defined using MACS2 (MACS: Model-based 
Analysis for ChIP-Seq, 2023) on each bam file to call narrow peaks (with options -g 
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1.00229e9 -q 0.01). Identified open chromatin regions were extended to a 
minimum size of 1000 bp (peak center ± 500 bp). Lists of open chromatin regions 
were obtained by merging the identified regions of each sample, with regions 
overlapping at least 1 bp being stitched together, to construct a ‘consensus’ set of 
open chromatin regions. This resulted in 115,266 regions for the consensus set for 
the striatal neuronal versus non-neuronal comparison and 150,371 regions for the 
consensus set for the brain region comparison. For each sample, we then counted 
the number of reads overlapping each of the ‘consensus’ regions using the 
coverageBed function in the BEDtools package v2.24.0 (Quinlan and Hall, 2010), 
with higher read counts indicating more open chromatin at a given region.  
 
Principal component analyses on ATAC-seq data 
Using DESeq2 v1.38.0 (Love et al., 2014), read counts were normalized with post-
filtering library sizes and log2 transformed using the rlog function. Following 
normalization, we performed Principle Component Analysis (PCA) using the 
DEseq2 function plotPCA to visualize principal sources of variation in the data, 
applying the default setting limiting the analysis to the top 500 most variable peaks. 
Additional PCs were obtained using the prcomp function in R. We also plotted the 
percent variance explained by each PC. We tested for cell type or brain region 
differences in principal components using the correlate PCs functions in 
pcaExplorer, which computes the significance of correlations between PCA scores 
and the experimental covariates.  
 
Differential chromatin accessibility analysis 
To define cell type- and brain region-specific accessible regions, we performed 
differential chromatin analysis using DESeq2. We tested for differential 
accessibility in the following comparisons: (1) great tit striatal NeuN+ versus great 
tit striatal NeuN-; (2) great tit striatal NeuN+ vs great tit hippocampal NeuN+ vs 
great tit cerebellar bulk (three pairwise comparisons). ATAC-seq peaks were 
considered differentially accessible regions if they displayed a 1-fold enrichment 
with an Benjamini-Hochberg adjusted p-value <0.05. Volcano plots were generated 
using EnhancedVolcano v1.16.0 (Blighe, 2018). 
 
Association of chromatin accessibility with gene expression 
We used annotatePeak from the ChIPseeker package v1.34.0 (Wang et al., 2022) to 
annotate ATAC-seq peaks to closest gene and genomic context, based on Parus 
major genome assembly and following the priority order: Promoter (1000 bp 
upstream to 1000 bp downstream of the annotated transcription starting position), 
5’UTR, 3’UTR, Exon, Intron, Downstream (the downstream of gene end) and 
Intergenic. Based on rlog-transformed read counts of open chromatin regions that 
were annotated (to closest gene) to the 30 genes with the most regional expression 
patterns, we visualized the separation of brain regions by hierarchical clustering 
using Ward’s linkage method and plotting the heatmap using the complexHeatmap 
package v2.14.0 (Zuguang Gu, 2017). In order to evaluate the association between 
differential chromatin accessibility and differential gene expression, we plotted the 
log2Foldchange in gene expression against log2Foldchange in chromatin 

Chapter 3



61 

accessibility and calculated Pearson correlation scores, after trimming the dataset 
by excluding regions with a change in accessibility (log2Foldchange) <1, adjusted 
p-value > 0.05 and genes with a change in expression (log2Foldchange) <1, 
adjusted p-value > 0.05. To understand the effect of the genomic context on the 
relationship between differential chromatin accessibility and gene expression, we 
differentiated between genomic regions.  
 
Gene ontology analyses on differentially accessible regions 
Gene ontology analysis on differentially expressed genes that contained 
differentially accessible regions was performed using clusterProfiler v4.6.0 (Yu et 
al., 2012) to perform Over Representation Analysis (ORA) of GO pathways 
(biological process, molecular function and cellular component). We used the 
human, mouse and rat gene ontology database, for great tit, mouse and rat data, 
respectively. Great tit genes were mapped to their corresponding human orthologs 
based on HUGO Gene Nomenclature Committee (HGNC) symbol. Genes that could 
not be assigned to a human gene were excluded, and therefore great tit-specific 
genes are missing from these analyses. All functional category enrichment analyses 
considered an adjusted p-value < 0.05 after BH correction to be significant. 

Results	
Cell type differences in gene expression in the striatum of great tit compared 
with mouse 
A PCA analysis showed that striatal neuronal and non-neuronal nuclei of great tit 
and mouse could be distinguished based on gene expression (Supplementary 
Figure 3.2a,b), and differential gene expression analysis showed many statistically 
significant differences (Supplementary Figure 3.4a, Supplementary Figure 3.5a), 
which were correlated between great tit and mouse (pearson correlation r = 0.41, 
p < 0.0001) (Figure 3.1a). In the great tit striatum, we found 826 genes to be 
expressed at a higher level in neuronal nuclei, of which 552 genes were one to one 
orthologs to mouse genes, in the mouse striatum, 1,734 genes were expressed at a 
higher level in neuronal nuclei, of which 1120 were orthologs to great tit genes. Of 
these one-to one orthologs, 267 genes overlapped across the two species (Figure 
3.1b). Of the 1,100 great tit genes expressed at a higher level in non-neuronal nuclei, 
799 genes were one to one orthologs to mouse genes, and of the 1,583 mouse genes 
expressed at a higher level in non-neuronal nuclei, 950 genes were orthologs to 
great tit genes. Of these one-to-one orthologs, 274 genes overlapped across the two 
species (Figure 3.1c). A table with a subset of the top 30 most differentially 
expressed genes for each cell type in the great tit can be found in (Supplementary 
Tables 3.3 and 3.4).  
 
Genes that were expressed at a higher level in great tit neuronal nuclei, were 
enriched in GO categories with clear relevance to neuronal function, such as 
chemical synaptic transmission, synaptic signalling, dendritic tree. In contrast, 
genes that were expressed at a higher level in great tit non-neuronal nuclei were 
enriched in GO categories that are relevant to the functions of other cell types 
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residing in the striatum: including blood vessel development, regulation of cell 
migration, oligodendrocyte differentiation and gliogenesis (Supplementary Table 
3.7). Mouse GO terms for which gene expression differentiated between neuronal 
and non-neuronal cells (1164 in total) were highly similar compared to GO terms 
in great tits (1081 in total): 532 were common between great tit and mouse (Figure 
3.1d,e). 
 

 
Figure 3.1 Cell type-specific gene expression in neuronal vs non-neuronal nuclei of the 
striatum of great tit and mouse. a) Pearson correlation of log2FoldChange (log2FC) of 
differentially expressed genes between striatal neuronal (NeuN+) (blue dots) and non-neuronal 
(NeuN-) nuclei (orange dots) in the great tit versus the mouse. Darker dots indicate differentially 
expressed genes that overlap between the two species. b,c) Venn diagrams of genes differentially 
expressed between striatal neuronal and non-neuronal nuclei in both species, highlighting the 
overlap among species in the identities of differentially expressed genes. d,e) Comparisons of 
significantly enriched GO categories in cell type-specific expressed genes reveals many common 
terms across great tit and mouse. Shown are the 20 most enriched categories for each species. The 
size of the circle indicates the number of genes under that category, the proportion in the pie chart 
indicates the relative contribution of each species in case of overlapping GO categories. 
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Brain regional differences in gene expression in great tit, mouse and rat 
A PCA analysis showed that brain regions in great tit, mouse and rat could be 
distinguished based on gene expression (Supplementary Figure 3.3a-c), and 
differential gene expression analysis on pairwise comparisons showed strong 
statistically significant differences (Supplementary Figure 3.4b-d, Supplementary 
Figure 3.5b, Supplementary Figure 3.6). In the great tit, genes that were expressed 
at a higher level in striatum neuronal nuclei when compared to both cerebellum (n 
= 1,641) and hippocampus (n = 1,623), were enriched in GO categories with clear 
relevance to striatal neuronal function: synaptic membrane, dendrite, GABA-ergic 
synapse and glutamatergic synapse (Figure 3.2, Supplementary Table 3.9). Genes 
that were expressed at a higher level in hippocampal neuronal nuclei (n = 2,644) 
when compared to striatal neuronal nuclei were enriched in GO categories with 
more general cellular functions such as angiogenesis and tissue migration, whereas 
when compared to bulk cerebellar nuclei (n = 1,647), GO categories such as neuron 
differentiation and signalling receptor activity were enriched (Figure 3.2, 
Supplementary Table 3.9). Genes that were expressed at a higher level in bulk 
cerebellum nuclei are enriched for ribosomal functions and blood vessel 
morphogenesis reflecting the heterogeneous origin of these cells, especially when 
compared to striatal neuronal nuclei (n=2019), but also midbrain development and 
neurotransmitter secretion are enriched when compared to hippocampal neuronal 
nuclei (n = 1,747) (Figure 3.2, Supplementary Table 3.8). By taking the overlap in 
differentially expressed genes for each brain region (in the two comparisons 
striatum = 868 genes, hippocampus = 816 genes, cerebellum = 815 genes) and 
summing the log2Fold change, we created lists of genes specifically upregulated in 
each region. A table with a subset of the top 30 most differentially expressed genes 
for each brain region in the great tit can be found in Supplementary Tables 3.4-6. 
Among the top most regionally expressed genes were for example DRD2, DRD5 and 
PENK in the striatum; EN2, CBLN1, GRIN2C and ZIC1 in the cerebellum; IFI30, C1QC 
and FEZF2 in the hippocampus, the expression of which we confirmed in online 
datasets with regional gene expression data available from 
https://www.proteinatlas.org/ and http://www.zebrafinchatlas.org/.  
 
Quantitative differences in gene expression between striatal neuronal nuclei and 
cerebellar bulk nuclei correlated well between great tit and mouse (r = 0.42, p < 
0.0001) and rat (r = 0.28, p < 0.0001) (Figure 3.3a-c). Of the 3,360 genes 
differentially expressed between striatal neuronal nuclei and cerebellar nuclei, 
2,137 genes were one to one orthologs to mouse and rat genes, of which 347 
differentially expressed genes overlapped between these regions with both mouse 
and rat (Figure 3.3d). Also at the level of GO terms, brain region differentiation in 
the three species was highly similar: Of the GO categories differentially represented 
in striatal neuronal and cerebellar bulk nuclei, 257 were common between great tit 
(492 in total) and mouse (525 in total) and 222 were common between great tit 
and rat (654 in total), 184 terms were common among all species (Figure 3.3e,f). 
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Figure 3.2 Enriched GO categories in brain region-specific expressed genes in the great tit 
reveals specific function of regionally expressed genes. Shown are the 10 most enriched 
categories for each brain region in each pairwise comparison. The size of the circle indicates the 
number of genes under that category, the proportion in the pie chart indicates the relative 
contribution of each brain region in case of overlapping GO categories. 
 
Cell type- and brain region-specific patterns of chromatin accessibility in the 
great tit  
Cluster analyses using PCA based on chromatin accessibility data grouped the 
samples according to striatal cell type (Supplementary Figure 3.7a) and brain 
region (Supplementary Figure 3.7b). 41,823 of the 114,885 open chromatin regions 
tested were differentially accessible (adjusted p-value < 0.05) between neuronal 
and non-neuronal nuclei (Supplementary Figure 3.8a). Out of the 150,371 open 
chromatin regions used for the brain regions dataset, we identified 51,597 
differentially accessible regions (DARs) between striatal neuronal nuclei and 
hippocampal neuronal nuclei, 56,327 DARs between striatal NeuN+ nuclei and 
cerebellar bulk nuclei and 49,800 DARs between hippocampal neuronal nuclei and 
cerebellar bulk nuclei (Supplementary Figure 3.8b-d). We found that DARs were 
not evenly distributed across genomic regions: open chromatin regions resided 
more often in intronic, distal intergenic, promoter and exonic regions, in decreasing 
numbers. On the contrary, the neuron-specific DARs were located more distally to 
promoter regions, with more regions being located in exonic than promoter regions 
(within 1,000 kb of a TSS) (Figure 3.4a). Furthermore, the proportion of striatal and 
hippocampal neuronal nuclei-specific open chromatin regions that is located in 
promoters is less compared to the proportion of bulk cerebellar open chromatin 
regions residing in promoter regions (Figure 3.7a, Figure 3.8a, Figure 3.9a). 
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Figure 3.3 Brain region-specific gene expression in striatal neuronal nuclei versus 
cerebellum bulk nuclei of great tit, mouse and rat. a-c) Pearson correlations of log2FoldChange 
(log2FC) of gene expression differences between striatal (red dots) compared to cerebellar (yellow 
dots) nuclei in the great tit versus mouse, great tit versus rat and rat versus mouse using one to one 
ortholog genes. Darker dots indicate differentially expressed genes that overlap between each two 
species. d) Venn diagram of genes differentially expressed between the two brain regions in each 
species, highlighting the overlap among species in the identities of differentially expressed genes. e,f) 
Comparison of significantly enriched GO categories in genes specifically expressed in striatal 
neuronal nuclei versus bulk cerebellar nuclei reveals many common terms across great tit, mouse 
and rat. Shown are the 10 most enriched categories for each species in each brain region. The size 
of the circle indicates the number of genes under that category, the proportion in the pie chart 
indicates the relative contribution of each species in case of overlapping GO categories. 
 
Relationship between gene expression and chromatin expression  
Differences in chromatin accessibility are overall strongly correlated with 
expression of the closest gene, although this relationship varied across cell type and 
brain region comparisons and genomic contexts. The overall correlation between 
differential gene expression and differential openness was the strongest when 
comparing neuronal and non-neuronal nuclei from the striatum (r = 0.67, p < 
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0.0001; Figure 3.4b), with DARs in 5’UTR, intronic and promoter regions being 
most predictive of gene expression, and distal intergenic DARs being the least 
predictive, although still significantly correlated (Figure 3.4c-f, Supplementary 
Figure 3.9a,b).  
 

 
Figure 3.4 Relationship between differential chromatin accessibility and gene expression in 
neuronal vs non-neuronal nuclei of the striatum of great tits. a) Bar plot representing the 
fraction of accessible regions assigned to each genomic region, split in all accessible regions, 
neuronal-specific regions and non-neuronal-specific regions. b-f) Pearson correlation of 
differentially expressed genes and differentially accessible chromatin regions (in log2FC) between 
neuronal compared to non-neuronal nuclei in the great tit striatum for the indicated genomic 
regions (Promoter; Intron; Exon; Distal Intergenic).  
 

 
Figure 3.5 Over representation analysis of GO terms enriched in neuronal and non-neuronal-
specific differentially expressed genes that contain differentially accessible regions. Top 10 
GO terms (biological process, molecular function and cellular component) are shown for each cell 
type. Colours indicate p-values (Benjamini–Hochberg-corrected) and dot size corresponds to gene 
ratio. 
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Striatal neuronal-specific DEGs that contained DARs ( n= 425), were enriched in GO 
categories with clear relevance to neuronal function (e.g., chemical synaptic 
transmission, synaptic signalling, neuron projection), whereas striatal non-
neuronal nuclei DEGs containing DARs (n = 702) were enriched in transcription 
regulation, tube morphogenesis and metabolic process (Figure 3.5), indicating that 
differential expression of genes with these functions is related to the accessibility 
of their chromatin. 
 
Accessibility of chromatin regions located in a subset of genes (90 genes) that 
showed the most regional expression across the three brain regions (30 genes per 
brain region, ranked as described in materials and methods) accurately clustered 
the brain regions (Figure 3.6). When comparing gene expression and chromatin 
openness between brain regions, the strength of this relationship is about equally 
high in the comparison between cerebellar nuclei with striatal neuronal nuclei (r = 
0.53, p < 0.0001, Figure 3.7b-f, Supplementary Figure 3.9c,d) as when compared to 
hippocampal neuronal nuclei (r = 0.51, p < 0.0001, Figure 3.8b-f, Supplementary 
Figure 3.9e,f). The strength is lower when comparing striatal with hippocampal 
neuronal nuclei (r = 0.36, p < 0.0001, Figure 3.9b-f, Supplementary Figure 3.9g,h), 
likely reflecting a stronger similarity in gene regulatory mechanisms across 
neuronal cells from two brain regions relative to when purified neuronal cells are 
compared to bulk cerebellar nuclei.  
 
Striatal neuronal-specific DEGs containing DARs in the comparison with 
hippocampal neuronal nuclei (n = 811) and cerebellar bulk nuclei (n= 958) showed 
enrichment of neuron-general terms (Figure 3.10) as well as striatal-specific 
functions, such as associative learning (adjusted p-value < 0.0001), response to 
dopamine (adjusted p-value = 0.003) and striatum development (adjusted p-value 
= 0.027). Genes that contained regions with higher accessibility as well as higher 
expression in hippocampal neuronal nuclei when compared to striatal neuronal 
(n=925) or to cerebellar nuclei (n=746), were enriched in neurogenesis-related GO 
categories such as regulation of neuron projection development (adjusted p-value 
<0.0001) and DNA-binding transcription factor activity (adjusted p-value <0.0001), 
but also gliogenesis (adjusted p-value <0.0001) and vasculature development 
(adjusted p-value <0.0001) and categories related to hippocampal 
neurotransmitters such as glutamatergic synapse (adjusted p-value <0.0001) and 
GABA-ergic synapse (adjusted p-value <0.0015) (Figure 3.10). When comparing 
cerebellar nuclei to striatal neuronal nuclei (n= 769) or to hippocampal neuronal 
nuclei (n=937), most terms related to ribosome functioning (Figure 3.10), but also 
trans-synaptic signalling (adjusted p-value < 0.0001), parallel fiber to Purkinje cell 
synapse (adjusted p-value < 0.001) and glutamatergic synapse (adjusted p-value < 
0.001) were enriched.  
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Figure 3.6 Hierarchical clustering of brain regions in the great tit by chromatin accessibility 
using the 90 genes with the most regional expression patterns (30 per brain region). 
Chromatin accessibility was rlog normalized across samples. Accessibility as read count is coloured 
by standard deviation from the within-group mean. Columns represent samples with red, blue and 
yellow bars on top indicating brain regions. Rows represent accessible regions, with bars on the 
right indicating genomic localizations of chromatin regions.  
 

 
Figure 3.7 Relationship between differential chromatin accessibility and gene expression in 
striatal vs cerebellar nuclei of great tits. a) Bar plot representing the fraction of accessible 
regions assigned to each genomic region, split in all accessible regions, striatum-specific regions and 
cerebellum-specific regions. b-f) Pearson correlation of differentially expressed genes and 
differentially accessible chromatin regions (in log2FC) between striatal compared to cerebellar 
nuclei for the indicated genomic regions (Promoter; Intron; Exon; Distal Intergenic).  
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Figure 3.8 Relationship between differential chromatin accessibility and gene expression in 
hippocampal vs cerebellar nuclei of great tits. a) Bar plot representing the fraction of accessible 
regions assigned to each genomic region, split in all accessible regions, hippocampus-specific 
regions and cerebellum-specific regions. b-f) Pearson correlation of differentially expressed genes 
and differentially accessible chromatin regions (in log2FC) between hippocampal compared to 
cerebellar nuclei for the indicated genomic regions (Promoter; Intron; Exon; Distal Intergenic).  
 

	
Figure 3.9 Relationship between differential chromatin accessibility and gene expression in 
striatal vs hippocampal nuclei of great tits. a) Bar plot representing the fraction of accessible 
regions assigned to each genomic region, split in all accessible regions, striatum-specific regions and 
hippocampus-specific regions. b-f) Pearson correlation of differentially expressed genes and 
differentially accessible chromatin regions (in log2FC) between striatal compared to hippocampal 
nuclei for the indicated genomic regions (Promoter; Intron; Exon; Distal Intergenic).  
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Figure 3.10 Over representation analysis of GO terms enriched in differentially expressed 
genes that contain differentially accessible regions in each pairwise brain region 
comparison. Top 10 GO terms (biological process, molecular function and cellular component) are 
shown for each comparison. Colours indicate p - values (Benjamini–Hochberg-adjusted) and dot size 
corresponds to gene ratio. 

Discussion		
In this study, we performed an integrated analysis of gene expression and genome-
wide chromatin accessibility to characterize cell type- and brain region-specific 
mechanisms of gene expression in the great tit brain. Our data indicate clear 
patterns of differential gene expression that were conserved across homologous 
regions and cell types in mouse and rat brains after validation in those species. This 
is consistent with other comparative neuroanatomical studies that find strong 
similarities between the transcriptomes of these regions, such as conserved 
patterns of gene expression in the striatum (Belgard et al., 2013) and shared 
differentially expressed genes between cerebellar cell types (Kebschull et al., 2020) 
of chicken and mouse. Differential chromatin accessibility analysis showed that the 
genomic localization of accessible chromatin regions in relation to the gene, varied 
across cell types and brain regions, and correlated positively with differential gene 
expression in all comparisons. Altogether, these findings provide the first insights 
into the cell type-specific regulatory mechanisms underlying gene expression in the 
brain of an ecological model species, the great tit. 
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Using fluorescence-activated nuclear sorting (FANS) we were able to isolate striatal 
neuronal from non-neuronal nuclei based on the neuronal marker NeuN. 
Functional enrichment analysis of the differentially expressed genes between these 
cell types confirmed successful separation of these cell types, as enriched terms for 
genes with higher expression in in the neuronal population included categories 
with neuronal function, such as chemical synaptic transmission, synaptic signalling 
and dendritic tree, whereas enriched terms in the non-neuronal populations 
included blood vessel development, regulation of cell migration, oligodendrocyte 
differentiation and gliogenesis. Furthermore, in line with the known evolutionary 
homology of this region (Medina and Reiner, 1995; Reiner et al., 1998), differences 
in gene expression between the two cell populations correlated with differentially 
expression patterns of samples collected from the mouse striatum, with 
enrichment of highly similar gene ontologies.  
 
Striatal-specific genes such as DRD2, PPP1R1B, PENK and TAC1 (Strand et al., 2007; 
Negi and Guda, 2017) were upregulated in striatal neuronal nuclei compared to 
hippocampal neuronal nuclei and cerebellar nuclei. These expression patterns 
likely largely reflect the GABAergic medium spiny neurons that constitute the 
majority of striatal neuronal nuclei (Kemp and Powell, 1971; Person et al., 2008). 
Genes that were expressed at a higher level in hippocampal neuronal nuclei showed 
not only hippocampal-specific genes, such as FEZF2 (Shimizu and Hibi, 2009; 
Berberoglu et al., 2014) and PPP1R9B (Allen et al., 1997), and functions, such as 
neuron differentiation and signalling receptor activity, but also other functions 
such as angiogenesis and tissue migration, especially when compared with the 
striatal neuronal nuclei. Additionally, several of the genes that were differentially 
expressed in hippocampal nuclei also showed high expression in non-neuronal 
nuclei from the striatum (e.g., SLC4A1 and SALL3). SLC4A1 is expressed in 
erythrocytes (Sahr et al., 1994), and SALL3 is a marker of GABAergic precursor 
neurons (Bocchi et al., 2021). This suggests that hippocampal neuronal nuclei 
express these genes at a higher level than striatal neurons, or that also some non-
neuronal nuclei or neuronal precursors were stained with the NeuN antibody. 
Further work to confirm the specificity of these genes to hippocampal neuronal 
nuclei is therefore necessary. Even though we used bulk cerebellar samples, and 
found according enrichment of functions like angiogenesis and ribosome, we also 
found high regional expression of known cerebellum-specific genes, including 
CBLN1, GRIN2C and ZIC1 (Strand et al., 2007; Negi and Guda, 2017) as well as 
enrichment of functions associated with these genes like synaptic signalling. 
Furthermore, differences between striatal neuronal nuclei and cerebellar nuclei 
were consistent across great tits, mouse and rats with highly similar ontologies 
being enriched. Further validation of these cell type and brain region patterns of 
gene expression may in the future be validated via real-time PCR (qPCR) or in situ 
hybridization experiments, as well as more detailed cell-type specific analysis using 
cell-type specific markers and single-cell sequencing approaches (Mo et al., 2015; 
Yu et al., 2023). 
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By performing differential chromatin accessibility analyses we revealed cell type– 
and brain region–specific patterns of open chromatin. Generally, gene promotors 
are broadly accessible across cell types, whereas the accessibility of distal 
enhancers is expected to be more cell type-specific (Klemm et al., 2019). Indeed, we 
found that compared to the distribution of all accessible regions, a smaller fraction 
of differentially accessible regions was associated with the promoter. This 
difference was most pronounced in neuronal nuclei-specific regions, both when 
comparing different cell types of the striatum, as well as when comparing striatal 
and hippocampal neuronal nuclei with the bulk of cerebellar nuclei. This is in 
accordance with findings in humans (Fullard et al., 2018) and mice (Mo et al., 2015), 
showing that gene regulation in neurons occurs distally, with a greater fraction of 
promoter-associated peaks being shared across cell types. Additionally, the non-
neuronal cell population likely includes a heterogeneous variety of glial cell types 
(microglia, astrocytes and oligodendrocytes), which are more diverse in cell 
function than neuronal subtypes (e.g., inhibitor and excitatory neurons), explaining 
why the observe more open chromatin regions in the promoters, which are 
generally less variable than enhancers and other regulatory elements. This likely 
also explains the higher fraction of DARs in the promoter regions of cerebellar bulk 
data.  
 
To assess if and when open chromatin relates to gene expression, we tested 
whether genes with high variance of expression across the three brain regions 
would cluster the chromatin accessibility dataset by brain region, which was indeed 
the case, indicating that genes with brain region-specific expression also show 
brain region-specific chromatin accessibility. Furthermore, differences in gene 
expression correlated positively with chromatin accessibility. Functional 
enrichment of cell type or regionally expressed genes that also contained DARs 
showed enrichment of functions relevant to the respective regions indicating that 
functional variation in gene expression is explained by chromatin accessibility. 
Nonetheless, for each comparison, we also observed DARs that were mapped to 
genes that did not show expression differences. This can be explained by the fact 
that that some genes require multiple enhancers or additional epigenetic 
regulators to affect their expression (Ong and Corces, 2011). Alternatively, these 
might be false positives, or our approach to assign genes to the nearest TSS might 
not have linked to region to the gene(s) that it actually acts on. This is especially 
true for distal intergenic regions, which generally showed the lowest relationship 
with differential gene expression. To resolve these standing questions, a logical 
next step will be to characterize the transcription factors that are responsible for 
these open chromatin patterns by predicting transcription factor binding sites in 
open chromatin regions using e.g., HOMER motif enrichment analysis (Heinz et al., 
2010), followed by expression analysis of the transcription factors for which the 
binding sites are enriched. Further work should focus on studying coordinated 
patterns of chromatin accessibility and known other regulatory mechanisms brain-
region specific patterns of gene expression such as lncRNAs (Meléndez-Ramírez et 
al., 2021), histone modifications and DNA methylation (Mo et al., 2015, 2), which 
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especially in a non-CpG context is a strong predictor of brain-region specific gene 
expression (Rizzardi et al., 2019). 
 
In conclusion, our findings add to the standing evidence that distinct patterns in cell 
type and brain region-specific transcriptional activity are regulated by chromatin 
accessibility, and our study is the first to so in an ecological model species, the great 
tit. As neuron-specific regulatory regions are enriched for behavioural traits 
(Rizzardi et al., 2019), neuronal activity can induce epigenetic changes (Su et al., 
2017), and gene regulatory mechanisms are a fundamental mechanism underlying 
individual variation in behaviour (Sweatt, 2019), these findings provide a basis for 
using brain regulatory mechanisms to understand differences in behaviour and 
cognition.  
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Supplementary Figure 3.1 Striatal nuclei in these representative examples were isolated by 
fluorescence activated nuclei sorting (FANS). Nuclei were separated based on detection of 
AlexaFluor 488-conjugated anti-NeuN antibody. a) Mouse b) Great tit c) Rat. 
 

 
Supplementary Figure 3.2 PCA plot showing clustering of neuronal (NeuN+, orange) and non-
neuronal (NeuN-, blue) nuclei from the striatum along PC1 based on gene expression levels a) Great 
tit. PC1 explained 74% of the variance, PC2 8.7% and PC3 5.8%. Cell types separate significantly 
along PC1 (p = 0.0054) b) Mouse. PC1 explained 79% of the variance, PC2 6.2% and PC3 5.8%. Cell 
types separate significantly along PC1 (p = 0.014)  
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Supplementary Figure 3.3 PCA plot showing clustering of brain regions based on gene expression 
levels. a) Great tit. PC1 explained 56% of the variance, PC2 36% and PC3 1.5%. Brain regions 
separate significantly along PC1 (p = 0.004) and PC2 (p<0.001) b) Mouse. PC1 explained 86% of the 
variance, PC2 6.7% and PC3 3.8%. Brain regions separate significantly along PC1 (p = 0.014) c) Rat. 
PC1 explained 79% of the variance, PC2 15% and PC3 5.2%. Brain regions separate along PC1, 
though not significantly (p = 0.08). Yellow = cerebellum, turquoise = hippocampus, red = striatum.  
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Supplementary Figure 3.4 Volcano plots highlighting genes that are differentially expressed in the 
great tit, where the cut-off for significance (coloured dots beyond the dashed lines) is p < 0.05 with 
false-discovery rate correction and a log-fold change of one or greater. a) neuronal versus non-
neuronal nuclei from the striatum b) striatal neuronal versus hippocampal neuronal nuclei c) 
striatal neuronal versus bulk cerebellar nuclei d) bulk cerebellar nuclei versus hippocampal 
neuronal nuclei. Orange = neuronal (NeuN+), blue = non-neuronal (NeuN-), yellow = cerebellum, 
turquoise = hippocampus, red = striatum. 
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Supplementary Figure 3.5 Volcano plots highlighting genes that are differentially expressed in the 
mouse, where the cut-off for significance (coloured dots beyond the dashed lines) is p < 0.05 with 
false-discovery rate correction and a log-fold change of one or greater. a) neuronal versus non-
neuronal nuclei from the striatum b) striatal neuronal versus bulk cerebellar nuclei. Orange = 
neuronal (NeuN+), blue = non-neuronal (NeuN-), yellow = cerebellum, red = striatum.  
 

 
Supplementary Figure 3.6 Volcano plots highlighting genes that are differentially expressed in the 
rat striatal neuronal versus bulk cerebellar nuclei, where the cut-off for significance (coloured dots 
beyond the dashed lines) is p < 0.05 with false-discovery rate correction and a log-fold change of one 
or greater.  
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Supplementary Figure 3.7 PCA plot showing clustering cell types based on chromatin accessibilty 
a) Clustering of neuronal (NeuN+, orange) and non-neuronal (NeuN-, blue) nuclei from the striatum 
along PC1. PC1 explained 96% of the variance, PC2 2% and PC3 0.6%. Cell types separate 
significantly along PC1 (p = 0.001) b) Clustering of striatal neuronal (red), hippocampal neuronal 
(turquoise) and cerebellar (yellow) bulk nuclei. PC1 explained 80% of the variance, PC2 17% and 
PC3 0.6%. Cell types separate significantly along PC1 (p = 0.001) and PC2 (p = 0.001).  
 

 
Supplementary Figure 3.8 Volcano plots highlighting differentially accessible regions in the great 
tit, where the cut-off for significance (coloured dots beyond the dashed lines) is p < 0.05 with false-
discovery rate correction and a log-fold change of one or greater. a) neuronal versus non-neuronal 
nuclei from the striatum b) striatal neuronal versus hippocampal neuronal nuclei c) striatal 
neuronal versus bulk cerebellar nuclei d) bulk cerebellar nuclei versus hippocampal neuronal nuclei. 
Orange = neuronal (NeuN+), blue = non-neuronal (NeuN-), yellow = cerebellum, turquoise = 
hippocampus, red = striatum.  
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Supplementary Figure 3.9 Pearson correlations of differentially expressed genes and differentially 
accessible chromatin regions for 5’UTR and 3’UTR. a,b) Striatal neuronal versus non-neuronal 
nuclei; c,d) Striatal neuronal+ versus cerebellar bulk nuclei; e,f) Cerebellar bulk versus hippocampal 
neuronal nuclei; g,h) Striatal neuronal versus hippocampal neuronal nuclei. 
 

Chapter 3



81 

Supplementary Table 3.1 Summary of sequencing and alignment of included RNA-seq libraries. 
ID Sex Brain 

region 
Cell 
type 

#raw 
reads 

%Aligned 
1X 

#Aligned 
1X 

#Aligned 
To	Genes 

GT021 M Cerebellum Bulk 25,722,205 75.64 19,456,678 10,912,056 
GT081 M Cerebellum Bulk 16,972,169 72.42 12,290,472 7,511,182 
GT157 M Cerebellum Bulk 21,155,242 75.00 15,865,407 9,386,363 
GT216 M Cerebellum Bulk 12,261,508 74.08 9,083,617 5,425,060 
GT237 M Cerebellum Bulk 20,130,748 74.18 14,933,841 8,608,710 
GT021 M Hippocampus NeuN+ 18,759,090 74.90 14,050,942 7,673,207 
GT038 M Hippocampus NeuN+ 19,655,441 71.13 13,980,115 7,855,229 
GT081 M Hippocampus NeuN+ 18,159,772 73.30 13,310,627 7,379,186 
GT096 M Hippocampus NeuN+ 34,247,747 72.87 24,956,962 13,970,889 
GT149 M Hippocampus NeuN+ 34,124,867 74.57 25,448,068 13,663,424 
GT157 M Hippocampus NeuN+ 27,493,335 76.87 21,133,874 11,740,772 
GT216 M Hippocampus NeuN+ 22,240,767 71.76 15,959,308 8,965,101 
GT237 M Hippocampus NeuN+ 29,025,622 73.24 21,258,136 11,888,550 
GT662 F Striatum NeuN- 14,216,172 75.65 10,754,659 6,869,445 
GT738 F Striatum NeuN- 13,792,366 71.24 9,825,725 6,047,811 
GT216 M Striatum NeuN- 12,662,264 66.06 8,538,706 5,317,141 
GT237 M Striatum NeuN- 26,059,168 68.21 18,291,994 10,603,427 
GT662 F Striatum NeuN+ 22,634,029 74.49 16,860,420 10,763,548 
GT676 F Striatum NeuN+ 12,482,360 74.26 9,269,665 5,643,241 
GT711 F Striatum NeuN+ 26,474,877 76.38 20,221,976 11,241,205 
GT738 F Striatum NeuN+ 17,563,656 73.38 12,887,964 7,847,225 
GT592 M Striatum NeuN+ 16,443,711 75.54 12,422,028 7,554,204 
GT038 M Striatum NeuN+ 27,956,839 78.13 21,841,806 12,470,514 
GT096 M Striatum NeuN+ 60,259,538 80.14 48,294,457 26,958,249 
GT149 M Striatum NeuN+ 56,860,753 77.74 44,201,536 24,504,588 
GT237 M Striatum NeuN+ 27,180,653 69.31 18,836,513 11,471,278 
 
Mouse1 M Cerebellum Bulk 8,633,819 73.48 6,344,474 5,250,415 
Mouse2 M Cerebellum Bulk 28,667,824 73.03 20,937,436 17,166,645 
Mouse3 M Cerebellum Bulk 16,773,547 74.18 12,443,378 10,192,388 
Mouse4 M Cerebellum Bulk 36,905,336 73.56 27,148,287 22,471,799 
Mouse7 M Cerebellum Bulk 20,284,564 73.32 14,872,656 12,197,289 
Mouse2 M Striatum NeuN- 9,825,991 75.90 7,458,199 6,368,202 
Mouse3 M Striatum NeuN- 37,104,300 72.68 27,015,030 22,864,991 
Mouse4 M Striatum NeuN- 18,412,840 54.64 9,999,162 8,463,786 
Mouse7 M Striatum NeuN- 33,593,668 60.66 20,378,245 6,469,051 
Mouse8 M Striatum NeuN- 59,409,397 66.25 39,356,084 15,415,578 
Mouse2 M Striatum NeuN+ 33,707,254 77.17 26,011,829 21,844,337 
Mouse3 M Striatum NeuN+ 41,534,881 74.08 30,768,161 25,847,563 
Mouse8 M Striatum NeuN+ 60,633,785 79.63 48,281,831 17,418,156 
Mouse9 M Striatum NeuN+ 17,484,978 68.40 11,960,115 5,864,833 
 
Rat4 M Cerebellum Bulk 9,475979 67.34 6,381,130 4,357,285 
Rat5 M Cerebellum Bulk 25,654213 66.84 17,147,337 11,988,922 
Rat7 M Striatum NeuN+ 30,752119 31.13 9,893,481 6,402,967 
Rat14 M Striatum NeuN+ 26,993065 63.04 17,015,379 5,449,934 
Rat16 M Striatum NeuN+ 37,194246 56.97 21,190,638 12,345,767 
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Supplementary Table 3.2 Summary of sequencing and alignment of included ATAC-seq libraries. 

 
Supplementary Table 3.3 Top 30 differentially expressed genes with higher expression in neuronal 
nuclei compared to non-neuronal nuclei in great tit striatum. 
Geneid	 Gene	symbol	Gene	description	 log2FC	
ENSPMJG00000008365 METRN meteorin, glial cell differentiation regulator  3.87 
ENSPMJG00000002073 NXNL2 nucleoredoxin like 2  3.86 
ENSPMJG00000008960 VIP vasoactive intestinal peptide  3.58 
ENSPMJG00000008896 IGF1 insulin like growth factor 1  3.28 
ENSPMJG00000010075 TAC1 tachykinin precursor 1  3.26 
ENSPMJG00000000787 STARD5 StAR related lipid transfer domain containing 5  3.16 
ENSPMJG00000000740 TMC3 transmembrane channel like 3  3.16 
ENSPMJG00000016819 ALDH1A2 aldehyde dehydrogenase 1 family member A2  3.08 
ENSPMJG00000017611 CYB561 cytochrome b561  3.01 
ENSPMJG00000014374 DGKZ diacylglycerol kinase zeta  3.00 
ENSPMJG00000016079 PLK2 polo like kinase 2  2.93 
ENSPMJG00000010978 NPY1R neuropeptide Y receptor Y1  2.91 
ENSPMJG00000007716 ADAM19 ADAM metallopeptidase domain 19  2.91 
ENSPMJG00000010133 CFTR CF transmembrane conductance regulator  2.88 
ENSPMJG00000008533 MPZL2 myelin protein zero-like protein 2  2.86 
ENSPMJG00000016398 OTOP1 otopetrin 1  2.84 
ENSPMJG00000012689 NTS neurotensin  2.81 
ENSPMJG00000010854 RXFP1 relaxin family peptide receptor 1  2.75 
ENSPMJG00000007895 TAF9 TATA-box binding protein associated factor 9b  2.74 
ENSPMJG00000014674 TYMS thymidylate synthetase  2.68 
 

ID Sex Brain 
region 

Cell 
type 

#raw 
reads	

%Aligned 
1X	

#Aligned 
1X	

#Peaks	FRiP TSSE 

GT038 M Cerebellum Bulk 64,732,036 85.04 55,047,165 31,373 0.09 4.69 
GT096 M Cerebellum Bulk 41,000,053 86.52 35,473,283 28,255 0.11 6.9 
GT149 M Cerebellum Bulk 47,130,607 85.69 40,383,998 29,927 0.11 6.4 
GT021 M Hippocampus NeuN+ 36,614,777 71.53 26,189,992 99,882 0.19 6.56 
GT038 M Hippocampus NeuN+ 36,845,692 60.24 22,195,509 70,044 0.13 4.88 
GT081 M Hippocampus NeuN+ 58,100,302 90.50 52,578,300 86,225 0.13 3.49 
GT096 M Hippocampus NeuN+ 21,859,014 65.68 14,357,813 54,272 0.12 7.53 
GT149 M Hippocampus NeuN+ 24,057,085 69.56 16,734,233 60,606 0.12 6.34 
GT237 M Hippocampus NeuN+ 40,905,652 90.30 36,936,483 74,505 0.13 4.26 
GT157 M Striatum NeuN- 51,033,930 68.03 34,718,570 48,816 0.12 7.86 
GT216 M Striatum NeuN- 55,688,192 61.53 34,262,459 48,290 0.13 8.29 
GT612 M Striatum NeuN- 30,332,682 82.59 25,051,503 56,539 0.15 9.46 
GT237 M Striatum NeuN- 49,481,805 52.36 25,909,720 42,325 0.12 8.88 
GT662 F Striatum NeuN- 31,737,032 85.57 27,156,332 60,653 0.15 8.19 
GT711 F Striatum NeuN- 24,525,396 81.85 20,074,639 50,186 0.15 11.17 
GT738 F Striatum NeuN- 24,916,107 85.97 21,421,298 47,799 0.2 8.48 
GT612 M Striatum NeuN+ 31,012,186 88.42 27,420,873 66,464 0.18 7.41 
GT662 F Striatum NeuN+ 32,930,013 90.41 29,770,525 97,262 0.21 6.91 
GT711 F Striatum NeuN+ 31,069,589 88.51 27,500,460 83,377 0.22 10.66 
GT738 F Striatum NeuN+ 37,899,756 89.92 34,080,403 98,832 0.21 6.83 
GT081 M Striatum NeuN+ 78,267,531 69.97 54,764,139 88,842 0.17 3.79 
GT157 M Striatum NeuN+ 64,007,565 86.74 55,519,451 83,210 0.18 4.34 
GT216 M Striatum NeuN+ 65,662,557 86.23 56,623,089 89,701 0.2 4.77 
GT237 M Striatum NeuN+ 56,267,933 82.46 46,396,622 79,522 0.14 3.84 
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Supplementary Table 3.3 (continued). 
ENSPMJG00000007216 ITGA3 integrin subunit alpha 3  2.64 
ENSPMJG00000018485 ONECUT1 one cut homeobox 1  2.64 
ENSPMJG00000010142 WNT2 Wnt family member 2  2.63 
ENSPMJG00000016147 CRHBP corticotropin releasing hormone binding protein 2.61 
ENSPMJG00000003284 KATNAL2 katanin catalytic subunit A1 like 2  2.60 
ENSPMJG00000006342 TMEM50B transmembrane protein 50B  2.58 
ENSPMJG00000011494 VEGFD vascular endothelial growth factor D  2.57 
ENSPMJG00000005685 GRAMD2B GRAM domain containing 2B  2.56 
ENSPMJG00000005544 ARL6IP5 ADP ribosylation factor like GTPase 6 interacting 

protein 5  
2.56 

 
Supplementary Table 3.4 Top 30 differentially expressed genes with higher expression in non-
neuronal compared to neuronal nuclei in great tit striatum.  
Geneid	 Gene	

symbol	
Gene	description	 log2FC	

ENSPMJG00000017680 SLC4A1 solute carrier family 4 member 1 (Diego blood 
group)  

-8.09 

ENSPMJG00000007903 H1-0 histone H5  -6.42 
ENSPMJG00000017149 APOH apolipoprotein H  -6.27 
ENSPMJG00000003988 SPTB spectrin beta, erythrocytic  -6.21 
ENSPMJG00000006128 NKX6-2 NK6 homeobox 2  -5.72 
ENSPMJG00000010520 PRAG1 PEAK1 related, kinase-activating pseudokinase 1  -5.68 
ENSPMJG00000011873 NID2 nidogen 2  -5.60 
ENSPMJG00000014118 PLLP plasmolipin  -5.59 
ENSPMJG00000005686 FGFR2 fibroblast growth factor receptor 2  -5.54 
ENSPMJG00000019877 SLC15A2 solute carrier family 15 member 2  -5.54 
ENSPMJG00000001716 FETUB fetuin B  -5.39 
ENSPMJG00000015591 VAMP8 vesicle associated membrane protein 8  -5.21 
ENSPMJG00000014813 GPR157 G protein-coupled receptor 157  -5.21 
ENSPMJG00000013325 PRDM16 PR/SET domain 16  -5.13 
ENSPMJG00000005922 C10orf90 chromosome 6 C10orf90 homolog  -5.10 
ENSPMJG00000015806 SLC1A3 solute carrier family 1 member 3  -5.08 
ENSPMJG00000004298 SLC13A3 solute carrier family 13 member 3  -5.06 
ENSPMJG00000010131 FMO5 dimethylaniline monooxygenase N-oxide-forming] 

5-like  
-5.04 

ENSPMJG00000018157 SALL3 spalt like transcription factor 3  -4.99 
ENSPMJG00000012544 SLC38A3 solute carrier family 38 member 3  -4.94 
ENSPMJG00000013845 MERTK MER proto-oncogene, tyrosine kinase  -4.93 
ENSPMJG00000014349 CDH19 cadherin 19  -4.89 
ENSPMJG00000015611 RASGRP3 RAS guanyl releasing protein 3  -4.86 
ENSPMJG00000002204 SALL1 spalt like transcription factor 1  -4.85 
ENSPMJG00000005820 UGT8 UDP glycosyltransferase 8  -4.84 
ENSPMJG00000014137 NRN1L neuritin 1 like  -4.82 
ENSPMJG00000003779 ZCCHC24 zinc finger CCHC-type containing 24  -4.80 
ENSPMJG00000009957 SLC1A2 solute carrier family 1 member 2  -4.73 
ENSPMJG00000014056 ADGRG1 adhesion G protein-coupled receptor G1  -4.71 
ENSPMJG00000007492 ABTB2 ankyrin repeat and BTB domain containing 2  -4.66 
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Supplementary Table 3.4 Top 30 genes uniquely expressed in striatum neuronal nuclei compared 
to hippocampal neuronal nuclei and cerebellar bulk nuclei. 
Geneid	 Gene	

symbol	
Gene	description	 Sum 

log2FC	
ENSPMJG00000001995 TMEM61 transmembrane protein 61  15.11 
ENSPMJG00000008548 DRD2 dopamine receptor D2  13.52 
ENSPMJG00000004576 MATK megakaryocyte-associated tyrosine kinase  12.8 
ENSPMJG00000010682 TMEM158 transmembrane protein 158 

(gene/pseudogene)  
12.63 

ENSPMJG00000017909 PPP1R1B protein phosphatase 1 regulatory inhibitor 
subunit 1B  

12.37 

ENSPMJG00000017012 DLK1 delta like non-canonical Notch ligand 1  12.17 
ENSPMJG00000015877 ISL1 ISL LIM homeobox 1  11.95 
ENSPMJG00000005180 CAMKV CaM kinase like vesicle associated  11.92 
ENSPMJG00000010075 TAC1 tachykinin precursor 1  11.67 
ENSPMJG00000007047 PDYN prodynorphin  11.28 
ENSPMJG00000015717 PENK proenkephalin  11.25 
ENSPMJG00000007811 PDE7B phosphodiesterase 7B  11.11 
ENSPMJG00000002600 KCNA4 potassium voltage-gated channel subfamily A 

member 4  
11.09 

ENSPMJG00000011014 SOSTDC1 sclerostin domain containing 1  10.9 
ENSPMJG00000012178 GABRA3 gamma-aminobutyric acid type A receptor 

alpha3 subunit  
10.75 

ENSPMJG00000015254 GABRA5 gamma-aminobutyric acid type A receptor 
alpha5 subunit  

10.74 

ENSPMJG00000010051 DLX6 distal-less homeobox 6  10.47 
ENSPMJG00000018260 PHACTR1 phosphatase and actin regulator 1  10.44 
ENSPMJG00000016397 DRD5 dopamine receptor D5  10.42 
ENSPMJG00000006121 ADGRB2 adhesion G protein-coupled receptor B2  10.4 
ENSPMJG00000010310 PCP4 Purkinje cell protein 4  10.37 
ENSPMJG00000006340 HTR4 5-hydroxytryptamine receptor 4  10.1 
ENSPMJG00000010496 IAPP islet amyloid polypeptide  9.98 
ENSPMJG00000006225 SH3RF2 SH3 domain containing ring finger 2  9.94 
ENSPMJG00000016993 BCL11B BAF chromatin remodeling complex subunit 

BCL11B  
9.92 

ENSPMJG00000001519 EVX1 even-skipped homeobox 1  9.88 
ENSPMJG00000006555 DRD1 dopamine receptor D1  9.78 
ENSPMJG00000001137 KCNH4 potassium voltage-gated channel subfamily H 

member 4  
9.77 

ENSPMJG00000008150 RASD2 RASD family member 2  9.77 
ENSPMJG00000016588 RASGRP1 RAS guanyl releasing protein 1  9.7 
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Supplementary Table 3.5 Top 30 genes uniquely expressed in cerebellar bulk nuclei compared to 
striatal neuronal nuclei and hippocampal neuronal nuclei.  
Geneid 	 Gene	

symbol	
Gene	description	 Sum 

log2FC	
ENSPMJG00000005161 EN2 engrailed homeobox 2  22.16 
ENSPMJG00000007883 BAIAP2L2 BAR/IMD domain containing adaptor protein 2 

like 2  
19.44 

ENSPMJG00000019848 LHX1 LIM homeobox 1  19.17 
ENSPMJG00000005131 INKA1 inka box actin regulator 1  18.25 
ENSPMJG00000002660	CBLN1	 cerebellin 1 precursor 	 18.12	
ENSPMJG00000006706 BARHL1 BarH like homeobox 1  16.62 
ENSPMJG00000017592 GNG13 G protein subunit gamma 13  16.56 
ENSPMJG00000000130 GRIN2C glutamate ionotropic receptor NMDA type 

subunit 2C  
15.92 

ENSPMJG00000018977 HSPB1 heat shock protein family B (small) member 1  13.41 
ENSPMJG00000011955 KCNA10 potassium voltage-gated channel subfamily A 

member 10  
13.38 

ENSPMJG00000018609 ZIC1 zinc finger protein ZIC 1  12.93 
ENSPMJG00000019403 BARHL2 BarH like homeobox 2  12.33 
ENSPMJG00000004661 LBX1 ladybird homeobox 1  11.18 
ENSPMJG00000009299 KCNJ5 potassium inwardly rectifying channel 

subfamily J member 5  
10.95 

ENSPMJG00000017767 BMP1 bone morphogenetic protein 1  10.68 
ENSPMJG00000004274 R3HDML R3H domain containing like  10.62 
ENSPMJG00000016606 GJD2 gap junction protein delta 2  10.42 
ENSPMJG00000016712 NPTX1 neuronal pentraxin 1  10.31 
ENSPMJG00000013751 CD93 CD93 molecule  10.02 
ENSPMJG00000019064 RSKR ribosomal protein S6 kinase related  9.96 
ENSPMJG00000006032 RNF19B ring finger protein 19B  9.91 
ENSPMJG00000008011 PVALB parvalbumin  9.89 
ENSPMJG00000006043 HPCA hippocalcin  9.61 
ENSPMJG00000009325 TH tyrosine hydroxylase  9.6 
ENSPMJG00000018608 ZIC4 Zic family member 4  9.53 
ENSPMJG00000013956 WFDC1 WAP four-disulfide core domain 1  9.42 
ENSPMJG00000007123 EOMES eomesodermin  9.38 
ENSPMJG00000016405 MSX1 msh homeobox 1  9.27 
ENSPMJG00000006576 RGS5 regulator of G protein signaling 5  9.02 
ENSPMJG00000010453 PLEKHG5 pleckstrin homology and RhoGEF domain 

containing G5  
8.76 
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Supplementary Table 3.6 Top 30 genes uniquely expressed in cerebellar bulk nuclei compared to 
striatal neuronal nuclei and hippocampal neuronal nuclei.  
Geneid	 Gene	

symbol	
Gene	description	 Sum 

log2FC	
ENSPMJG00000017680 SLC4A1 solute carrier family 4 member 1 (Diego blood 

group)  
12.34 

ENSPMJG00000010828 IFI30 IFI30 lysosomal thiol reductase  12.2 
ENSPMJG00000002789 C1QC complement C1q subcomponent subunit C-like  11.51 
ENSPMJG00000007903 H1-0 histone H5  11.33 
ENSPMJG00000001168 OSGIN1 oxidative stress induced growth inhibitor 1  11.24 
ENSPMJG00000007556 CDHR2 cadherin related family member 2  11.23 
ENSPMJG00000005019 FEZF2 FEZ family zinc finger 2  11.17 
ENSPMJG00000002787 C1QB complement C1q B chain  11.14 
ENSPMJG00000016531 NEU4 neuraminidase 4  10.84 
ENSPMJG00000006408 LPXN leupaxin  10.81 
ENSPMJG00000003005 CSPG5 chondroitin sulfate proteoglycan 5  10.77 
ENSPMJG00000005539 EMX2 empty spiracles homeobox 2  10.59 
ENSPMJG00000007055 P2RY12 P2Y purinoceptor 12-like  10.56 
ENSPMJG00000003988 SPTB spectrin beta, erythrocytic  10.5 
ENSPMJG00000007978 RAC2 Rac family small GTPase 2  10.41 
ENSPMJG00000005422	RFESD	 Rieske Fe-S domain containing 	 10.31	
ENSPMJG00000000238 TAL1 TAL bHLH transcription factor 1, erythroid 

differentiation factor  
10.15 

ENSPMJG00000014812 SLC2A5 solute carrier family 2, facilitated glucose 
transporter member 5  

10 

ENSPMJG00000016251 TREM2 triggering receptor expressed on myeloid cells 
2  

9.98 

ENSPMJG00000014054 ADGRG3 adhesion G protein-coupled receptor G3  9.85 
ENSPMJG00000016248 APOBEC2 apolipoprotein B mRNA editing enzyme 

catalytic subunit 2  
9.72 

ENSPMJG00000013281 PPP1R9B protein phosphatase 1 regulatory subunit 9B  9.69 
ENSPMJG00000001311 P2RY6 pyrimidinergic receptor P2Y6  9.67 
ENSPMJG00000018157 SALL3 spalt like transcription factor 3  9.62 
ENSPMJG00000000087 HBEGF heparin binding EGF like growth factor  9.54 
ENSPMJG00000017574 ADORA3 adenosine A3 receptor  9.34 
ENSPMJG00000009957 SLC1A2 solute carrier family 1 member 2  9.31 
ENSPMJG00000016474 KLHL6 kelch like family member 6  9.3 
ENSPMJG00000014702 METTL7A methyltransferase like 7A  9.14 
ENSPMJG00000012545 SEMA3B semaphorin 3B  9.13 
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Chapter	4. 	

Transcriptomic	correlates	of	cognitive	flexibility	in	two	
homologue	brain	regions	of	songbirds	and	rodents		

 
Krista van den Heuvel, Beril Yildiz, Ilia Timpanaro, Bastijn J.G. van den 
Boom, Aleksandra Badura, Chris I. De Zeeuw, Ingo Willuhn, Alexander 

Kotrschal, Menno Creyghton, Kees van Oers 
 

Abstract	
Cognitive flexibility allows animals to adapt to environmental challenges, and this 
ability varies considerably within species. Understanding the causal mechanisms 
that underlie such individual variation is key for understanding the evolution of 
cognitive traits. However, both the genetic underpinnings of variation in cognitive 
flexibility and whether between-individual differences have the same origin across 
species, have not been established. Cognitive flexibility is enabled by neuronal 
functions mediated by gene expression. Therefore, we assessed baseline gene 
expression profiles in the brains of individuals differing in reversal learning 
performance. With this we aimed to test for conserved patterns of differential gene 
expression between extreme fast and slow reversing individuals in birds (great tit, 
Parus major) and mammals (mouse, Mus musculus). While we did find subtle 
transcriptomic differences between fast and slow reversing individuals, these 
differences were largely dissimilar between species at the gene level, suggesting 
different origins of individual differences in cognitive flexibility. Nonetheless, 
reversal learning-associated transcriptional changes, albeit different at the level of 
genes, converge on biological processes in functional analyses, indicating that some 
core functions may be consistently altered between brains of individuals in birds 
and mammals, underlying their differing reversal learning performance.  
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Introduction	
Understanding how individual differences in behaviour are regulated is crucial for 
understanding how they are maintained in populations and to predict when certain 
behaviours are adaptive (Fawcett et al., 2012). Across species, between-individual 
differences in behavioural phenotypes may either have evolved from convergent 
genetic and developmental mechanisms, or from divergent (sets of) genes (Arendt 
and Reznick, 2008; Rittschof and Robinson, 2014). Between-individual behavioural 
differences have been linked to polymorphisms of the same gene across species 
(Laine and van Oers, 2017), but only few overlapping genes might be differentially 
expressed in relation to a certain behavioural phenotype, even though many of 
their functional pathways are likely to be shared between species (Rey et al., 2021; 
Demin et al., 2022). The same is likely true for cognitive traits, the mechanisms by 
which animals acquire, process, store and act on information from the environment 
(Shettleworth, 2010). However, currently it is unclear to what extent the molecular 
causes of individual cognitive variation are universal across species or even 
taxonomic classes. Individual differences in cognition might originate from 
convergent molecular mechanisms or from convergent neurobiological pathways, 
emerging from different genes. In other words, there might be variation across 
species in the genes that drive a correlation between a biological process and task 
performance, while the functionality in the biological processes that underlie the 
individual differences is conserved.  
 
Complex behavioural traits are generally influenced by many genes; yet, they are 
not only regulated by heritable differences at the DNA sequence level, but also by 
environmental and epigenetic changes (Rittschof and Robinson, 2014). The latter 
is crucial, because repeatability and heritability estimates of cognitive abilities are 
relatively low, probably because the contribution of heritable genetic components 
is masked by influence from the environment and the individual’s previous 
experiences, as described in Chapter 2 (Laughlin et al., 2011; Croston et al., 2015a; 
Bailey et al., 2021; Lambert and Guillette, 2021; Bagley et al., 2022; De Meester et 
al., 2022b). To better understand the molecular mechanisms that contribute to 
individual variation in cognition, we can study the dynamic genome by using 
transcriptomic analysis to assess whether and how individual variation in 
performance correlates with differences in genome-wide gene-expression (Bell 
and Robinson, 2011; Rittschof and Robinson, 2014; Bengston et al., 2018). For 
instance, black-capped chickadees (Poecile atricapillus) that exhibit population 
differences in spatial memory performance and hippocampal neurogenesis also 
exhibit differential hippocampal gene expression (Pravosudov et al., 2013). More 
than half of those differentially expressed genes are known to be involved in 
regulation of hippocampal processes in mammals, potentially pointing towards 
similar functions of these genes between birds and mammals (Pravosudov et al., 
2013). However, whether between-individual differences in cognition rely on the 
same cognitive architecture across animal classes remains enigmatic. To our 
knowledge, such a direct comparison between birds and mammals has not yet been 
conducted in this context.  

Chapter 4



93 

Animals not only need to be able to discriminate among stimuli, they also 
constantly need to learn new discriminations (Shettleworth, 2010). Cognitive 
flexibility describes this ability of an organism to flexibly update learned 
predictions about cue-reward contingencies when those are altered (Izquierdo et 
al., 2017). Whereas differential cognitive flexibility is commonly studied in the 
context of altered cognitive functioning in neuropsychiatric disorders (Uddin, 
2021), proximate variables that determine natural individual variation in cognition 
remain unexplored (Matzel and Sauce, 2017). We know that the ability to show 
flexibility in learned responses is determined by brain regions involved in reward 
processing and decision making, and on neurotransmitter functioning and synaptic 
plasticity in these circuits (Izquierdo et al., 2017; Gao et al., 2018). However, in 
order to understand how natural selection acts on any behavioural trait, we must 
study its genetic relationship (Rittschof and Robinson, 2014). 
 
Individual differences in brain functioning and cognitive performance are known 
to be regulated by transcriptomic differences in the brain (Ji et al., 2014; Konopka, 
2017). However, it is less clear which genes or molecular pathways are specifically 
crucial for cognitive flexibility. Cognitive flexibility is classically measured using 
discrimination and reversal learning tasks, where a firstly rewarded option 
becomes non-rewarding and vice versa, and the ability of animals to correctly 
respond to this change is measured (Izquierdo et al., 2017). Using this paradigm, 
several genes have been uncovered that might play a role in cognitive flexibility. In 
rhesus macaques, structural variants of the serotonin transporter gene affect 
expression levels the transporter in the brain and associate with reversal learning 
performance (Izquierdo et al., 2007; Vallender et al., 2009). Using recombinant 
inbred mouse strains, genome-wide QTLs have been mapped that were associated 
with reversal learning performance leading to the identification of Syn3 and Wdr73 
as candidate genes, associated with striatal dopamine receptor expression 
(Laughlin et al., 2011; Bagley et al., 2022). Dopamine D2 receptor expression in the 
midbrain negatively correlated with reversal learning in mice (Laughlin et al., 
2011). These findings highlight an important role for genes involved in 
neurotransmitters trafficking.  
 
Any distinct patterns of gene expression that relate to differences in behavioural 
phenotypes are likely brain region- or species-specific (Izquierdo et al., 2017). In 
red junglefowl (Gallus gallus) chicks, expression levels of the serotonin receptor 
genes 5HT2A and 5HT2b in the caudal telencephalon were associated with reversal 
learning performance, but the dopamine D1 and D2 receptors were not, despite 
their implicated role in mammals (Boddington et al., 2020). The caudal 
telencephalon contains the nidopallium caudolaterale (NCL), which has similar 
functions as the mammalian prefrontal cortex. These higher order brain regions 
have been implicated in reversal learning performance (Rudebeck and Izquierdo, 
2022) but they are not homologous between the mammalian and avian brain 
(Güntürkün et al., 2021) and have a different genetic profile (Puelles et al., 2000). 
These structural differences could explain why different genes correlate with 
reversal learning in different species.  
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Two potential brain region candidates involved in regulating reversal learning 
performance in both birds and mammals are the striatum and the cerebellum. The 
mammalian striatum plays a prominent role in reward-based (reinforcement) 
learning (Day et al., 2007; Stuber et al., 2008). The avian striatum is considered 
homologous to the mammalian striatum based on developmental and anatomical 
data (Kuenzel et al., 2011), and is similarly involved in reward processing (Rose et 
al., 2013a; Seki et al., 2014) and complex behaviour (Rook et al., 2020). There is a 
crucial role for striatal dopamine and glutamate signalling in the ability of mammals 
to alter their response following a change in stimulus-reward contingencies 
(Groman et al., 2014, 2016; Linden et al., 2018; Liu et al., 2020; Sala-Bayo et al., 
2020), and individual variation in reversal learning performance is linked to the 
extent of cue-induced dopamine release in the striatum of rats (Rattus norvegicus) 
(Klanker et al., 2015). In homing pigeons (Columba livia), administration of 
dopaminergic D2 and glutamatergic NMDA receptor antagonists impair reversal 
learning performance (Herold, 2010). Another region of interest is the cerebellum. 
Although it has received comparatively little attention in the field of (comparative) 
cognition, there is evidence in mammals that the cerebellum is involved in reversal 
learning (Badura et al., 2018; Peterburs et al., 2018; Shipman and Green, 2020; 
Pierce and Péron, 2022). Loss of Purkinje cells leads to impairment of reversal 
learning performance in mice (Dickson et al., 2017), and granule cells respond to 
reward delivery and anticipation as well as to reward omission (Wagner et al., 
2017). The avian and mammalian cerebellum are homologous (Yopak et al., 2017). 
Similar to mammals (Caligiore et al., 2017; Pierce and Péron, 2020), neural 
pathways through the thalamus connect the cerebellum with the basal ganglia and 
cortical regions in the zebra finch (Taeniopygia castanotis) (Pidoux et al., 2018). 
Thus, although there is no direct evidence for contribution of the avian cerebellum 
to reversal learning, its homology and connectivity suggests a similar involvement 
as the mammalian cerebellum.  
 
Here, we performed a cross-species/cross-taxon analysis of brain transcriptomic 
data in great tits and mice, in order to identify both shared and unique molecular 
targets for individual variation in reversal learning performance. We assessed 
baseline gene expression in two homologous brain regions in an ecological model 
species, the great tit (Parus major), and in the mouse (Mus musculus C57BL/6J), a 
well-studied model organism in respect to genetic and environmental sources of 
variation in reversal learning performance. We tested the hypothesis that genes 
that are differentially expressed in these brain regions between fast and slow 
reversal learners would not necessarily include conserved genes, but rather 
conserved functionality in the biological processes such as neurotransmitter 
trafficking, synaptic plasticity and neurogenesis across the two species. 
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Materials	and	Methods	
Sample origins – Great tit 
Study subjects 
In May and June of 2018, 322 10-day old great tit nestlings were captured in a 
consort from in total 42 broods and transported to the aviary facilities at the NIOO-
KNAW. They originated from the nest box population Boslust (Groot Warnsborn) 
near Arnhem, Netherlands (5°850 E, 52°010 N), a 70 ha field site, consisting of 
mixed pine-deciduous forest. We hand-reared the nestlings until independence 
according to established methods (Drent et al., 2003). Briefly, we transferred 
nestlings in sibling groups of three to four birds to a compartment within a wooden 
box, each box containing three compartments and each compartment containing a 
natural parasite-free nest. Upon fledging, around 17-20 days after hatching, birds 
were transferred to small wire-mesh cages in groups of three. Around day 35 after 
hatching, they were completely independent and we transferred them to standard 
individual cages of 0.9 m × 0.4 m × 0.5 m with solid bottom, top, side, and rear walls, 
a wire-mesh front and three perches. Birds were kept under natural light 
conditions with acoustic and visual contact to each other. 
 
In July, we took a blood sample for sex determination. In September, after their first 
moult, we transferred individuals to single-sex groups in semi-open outdoor 
aviaries (2 m x 4 m x 2.5 m). Food consisted of a homemade mixture of ground beef 
heart, egg, calcium and a multivitamin solution, supplemented with mealworms, 
apple, and sunflower seeds and fat balls in winter, and was available ad libitum. 
Birds were kept under natural light conditions, with vocal and visual contact to 
other birds. In October, when birds were full-grown, we measured their tarsus.  
 
Reversal learning assessment 
From October 2018-February 2019, birds were tested for associative and reversal 
learning performance to assess their cognitive flexibility. As part of a larger study 
(Chapter 2), all individuals were subjected to two additional rounds of testing, in 
February 2020 and September 2020. We used automated feeders to assess learning 
performance, using a three-choice spatial learning procedure as described in 
Chapter 2. Briefly, eight days prior to testing, individuals were habituated to use 
the feeders under standard housing conditions in semi-open outdoor aviaries. After 
habituation, we caught individuals from the group, weighed them, and released 
them individually in a testing aviary. In the testing aviary, water was available ad 
libitum while no food was available during the test, in order to maintain motivation 
to take part in the learning test.  
 
During the experiment, one feeder at a time provided a reward (freeze-dried 
mealworm) in a triangular array with two other unrewarding feeders, requiring 
individuals to learn the location of the rewarded feeder. Individuals were first 
trained to go to an assigned feeder, which was reinforced until individuals reached 
a criterion level of six correct trials out of seven. This success rate is significantly 
different from the expectation if birds selected feeders at random (binomial test, p 
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< 0.01). A trial was defined as a landing on the perch with the RFID antenna. After 
completing the associative learning phase, the reversal learning task began as the 
reward contingencies were reversed to one of the other two feeders. Again, birds 
had to reach the learning criterion of six correct visits across seven trials to the new 
feeder. Individuals had from 09:00 until 15:00 to complete both phases of the test. 
For further details of the test setup, see Chapter 2. 
 
Reversal learning performance was scored as the total number of trials required to 
reach the learning criterion (six correct visits out of seven subsequent trials). 
Selected slow individuals needed more trials to finish the reversal learning task 
compared to fast individuals (p = 0.007, Supplementary Figure 4.1).	After the last 
reversal learning test, the birds were housed under standard group housing 
conditions without handling. 
	
Tissue collection 
Based on their mean performance across the three reversal learning tests, four 
unrelated fast and slow performing males were selected for comparative gene 
expression analysis. Four weeks after the last reversal learning task, individuals 
were caught from the aviaries and deeply anaesthetized with isoflurane (IsoFlo, 
Zoetis, Kalamazoo, MI, USA). After decapitation, the brain was dissected out and 
placed in ice cold PBS for further micro dissection of the cerebellum, and bilateral 
dissection of striatum (including area X) and hippocampus (the latter for future 
use). Brain regions were located by the use of the online zebra finch brain atlas 
(Karten et al., 2013) ZEBrA (Oregon Health & Science University, Portland, OR, USA; 
http://www.zebrafinchatlas.org). Isolated tissue was flash-frozen in liquid 
nitrogen in 1.5 ml RNA-free tubes and stored at −80°C until RNA isolation. 
 
Sample origins – Mouse 
Study subjects 
Wild-type C57BL6/6JRj male1 offspring from two nests (nest 1 born on 28-10-
2019, nest 2 born on 05-11-2019) were socially housed with food and water ad 
libitum and kept on a 12-h light and dark cycle. On 24-01-2020, the light-dark cycle 
was reversed and individuals were food restricted to 85% of their free-feeding 
body weight. All behavioural procedures were performed during the dark phase. 
Behavioural testing took place from 12-02-2020 until 12-03-2020.  
 
Reversal learning assessment  
Behavioural training and testing were conducted in operant-conditioning 
chambers (Med-Associates, ENV-307, 21.6 × 17.8 × 12.7 cm) equipped with two 
nose-poke holes flanking a food magazine and a house light (3 W, 24 V). Cue lights 
were positioned inside the nose-poke holes. The food magazine was connected to a 
pellet dispenser delivering one food pellet per trial (Bio-Serv dustless precision 
sucrose pellet; 20 mg). The nose-poke holes and food magazine could be 
illuminated internally. Food magazine and nose-poke holes contained infra-red 
beams for the detection of the animals’ responses. Animal behaviour was 
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videotaped. All task programming and data acquisition was performed with Med-
PC-IV software (Med-Associates).  
Mice were habituated to reward delivery in the magazine (two sessions, 20 rewards 
delivered with 60 s intervals), followed by nose-poke training. After habituation, 
mice were trained to nose poke for a food reward during shaping sessions. Mice 
received six shaping sessions (session 1-6), one session per day. Mice were 
randomly presented with the right or left nose-poke cue light and responding in 
either of the two illuminated nose pokes resulted in the delivery of one sucrose 
pellet in the food dispenser. Shaping sessions consisted of trials with a 10 or 20 s 
interval and continued until mice had received 30 (first 4 sessions) or 40 rewards 
(last 2 sessions), or when the session lasted 60 min, whichever came first.  
 
After six shaping sessions, mice progressed to spatial discrimination learning (60 
trials per session, variable inter-trial intervals (15/25/35/45 s), or 70 min, 
whichever came first). On every trial both cue lights were illuminated, thus, cue 
lights did not signal which side was rewarded, but indicated that reward was 
available - provided the correct choice was made. A nose poke on one side was 
rewarded, while the other side was never rewarded. The rewarded side was 
counterbalanced between mice. If mice did not make a nose-poke response within 
10 s, the trial was scored as omission. Mice received one session per day, with in 
total eight spatial discrimination sessions (session 7-14). In session eight, all mice 
had reached an 85% response criterion (excluding omissions), measured across the 
entire session. 
 
The reversal session (session 15) consisted of 100 trials, with variable inter-trial 
intervals (15/25/35/45 s). The reversal was presented at the 16th trial in the 
session, so that a response to the previously non-rewarded nose-poke hole was 
now rewarded and vice versa. The reversal was not cued to the animals; instead, 
animals had to use the change in feedback to adapt their responding. The reversed 
conditions continued in sessions 16-20 with 60 trials per session.  
 
After the reversal, the number of rewarded responses decreased, whereas 
nonrewarded responses increased (Supplementary Figure 4.2a). Reversal learning 
was based on performance in the reversal session and scored as total number of 
correct responses in the 86 trials that directly followed the reversal 
(Supplementary Figure 4.2b). This corresponded with individuals with the highest 
proportion of correct responses across incorrect responses (both when in- and 
excluding omissions). Based on the number of correct responses, two fast and two 
slow performing mice were selected from each family (four fast and slow 
performing mice in total) for comparative gene expression analysis.  
	
Tissue collection 
On 12 March 2020, maximally 6 hours after completing the last reversal learning 
test, mice were sacrificed using CO2 followed by cervical dislocation. Their brains 
were rapidly dissected from the skull and whole cerebellum and striatum were 
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further bilaterally dissected. Isolated tissue was flash-frozen using dry ice in 2 ml 
RNA-free tubes and stored at −80°C until RNA isolation.  
 
Nuclei isolation 
For both species, frozen brain tissue was pulverized with mortar and pestle on dry 
ice to yield ~0.2 mL of tissue powder, homogenized in a glass douncer (Kontes Glass 
Co.) in 0.5 ml EZ buffer (Nuclei Isolation Kit, Sigma NUC101) and incubated for 
5 min on ice. Subsequently samples were centrifuged for 15 min at 65 × g at 4 °C, 
resuspended in 0.5 mL EZ buffer and incubated on ice for 5 min. Samples were again 
centrifuged for 15 min at 65 × g at 4 °C, resuspended in 0.5 mL nuclear suspension 
buffer (NSB; 0.01% BSA, 1× complete protease inhibitor cocktail in PBS) and 
filtered through a 40 µm cell strainer. Samples were centrifuged for 15 min at 65 × g 
at 4 °C and resuspended in 0.5 mL NSB.  
 
Cerebellar tissues  
Bulk nuclei from cerebellar tissue cerebellar tissue (which consists of >80% 
neurons (Olkowicz et al., 2016)) were stained with trypan blue and counted on a 
hemacytometer. 5,000 nuclei were pelleted by 10 minutes centrifugation at 500g 
and resuspended in 100 µl Trizol for RNA-sequencing. 
 
Striatal tissues  
1:1000 Hoechst 34580 (1 µg/ml, Fisher Scientific H21486) was added to blocking 
solution (1% BSA, 10% normal mouse serum (NMS) in PBS) and incubated light 
shielded at 4 °C for 20 min. 10% of the blocked sample was used as unstained 
control, the remaining 90% was stained with 1:1500 anti-NeuN antibody 
conjugated with Alexa488 (1:1000, Merck Millipore MAB377X) without washing 
and incubated for 1 h at 4 °C on a roller, protected from light. Stained nuclei were 
then transferred to FACS tubes precoated with 3% BSA and FACS-sorted on NeuN 
signal using a BD FACSAria II (BD Bioscience). We collected 5,000 neuronal (NeuN+ 
stained) and 5,000 non-neuronal (NeuN− stained) nuclei in 100 µl Trizol each for 
RNA-sequencing. In this study, we only used neuronal cells for further analysis. 
 
RNA-sequencing  
RNA-sequencing was performed at Single Cell Discoveries (Utrecht, the 
Netherlands), a (single cell) sequencing provider using an adapted version of the 
CEL-seq protocol. In brief: Total RNA was extracted using the standard TRIzol 
(Invitrogen) protocol and used for library preparation and sequencing. mRNA was 
processed as described previously, following an adapted version of the single-cell 
mRNA seq protocol of CEL-Seq (Simmini et al., 2014; Hashimshony et al., 2016). In 
brief, samples were barcoded with CEL-seq primers during a reverse transcription 
and pooled after second strand synthesis. The resulting cDNA was amplified with 
an overnight In vitro transcription reaction. From this amplified RNA, sequencing 
libraries were prepared with Illumina Truseq small RNA primers. Paired-end 
sequencing was performed on the Illumina Nextseq500 platform with a sequencing 
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depth of 10 million reads/sample. All reads were trimmed of adapters and low 
quality bases using fastx and sequencing quality was checked using the software  
FastQC v 0.11.9 (Andrews, 2010). Trimmed reads were mapped respectively to 
the Parus major reference genome build v1.1 (GCA_001522545.2, (Laine et al., 
2016)) and to the Mus musculus reference genome build GRCm39 
(GCA_000001635.9) using Hisat2 v 2.2.1 (Kim et al., 2019) with default parameters. 
To summarize gene level read counts, we used the featureCounts program from the 
Subread package v 2.0.2 (Liao et al., 2014).  
 
Statistical analyses 
Principal component analysis 
Using DESeq2 v 1.38.0 (Love et al., 2014), low count genes were pre-filtered using 
a cut-off of 10 normalised counts in >75% of the samples, before they were 
normalized with post-filtering library sizes and log2 transformed using the rlog 
function. Following normalization, we performed Principle Component Analysis 
(PCA) using DEseq2 with the function plotPCA to visualize clustering of the samples 
and to spot individual sample outliers that separated significantly based on size 
factor (reflecting library size and/or RNA composition bias). These samples were 
then removed and the filtering and normalization steps were repeated. These 
samples were removed and the filtering and normalization steps were repeated. 
Sample sizes were therefore different than what we initially started with and 
included two fast and two slow reversal learners for the striatum of both species 
and cerebellum of mice. For the great tit cerebellum samples, three fast and two 
slow reversal learners were included. An overview of the final sample selection can 
be found in Supplementary Tables 4.1-3.  
 
In order to visualize principal sources of variation in the data, we performed a final 
PCA analysis on one-to-one ortholog genes and visualized the first two principal 
components (PCs) with the DEseq2 function plotPCA, applying the default setting 
limiting the analysis to the top 500 most variable genes. Additional PCs were 
obtained using the prcomp function in R. We also plotted the percent variance 
explained by each PC. We tested for species, brain region and reversal phenotype 
differences in principal components using the correlate PCs functions in 
pcaExplorer, which computes the significance of correlations between PCA scores 
and the experimental covariates. 
 
Differential gene expression analysis 
Differences in gene expression in log2FoldChange (log2FC) within each species and 
brain region were calculated using DESeq2. To control for the false discovery rate 
due to multiple testing, p-values were adjusted using the Benjamini-Hochberg (BH) 
procedure. Genes were considered statistically differentially expressed when 
adjusted p-values were < 0.05. The volcano plots were generated using 
EnhancedVolcano v 1.16.0 (Blighe, 2018) and boxplots for a subset of the 
differentially expressed genes (DEGs) were prepared using ggplot2 v 3.4.0 
(Wickham, 2016). 
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Gene ontology analyses 
To identify significantly enriched gene ontology (GO) and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) terms, we used clusterProfiler v 4.6.0 (Yu et al., 2012) 
to perform Gene Set Enrichment Analysis (GSEA) of GO and KEGG pathways. GSEA 
does not require delineation of DEGs from non-differential genes. Instead, we 
ranked the test statistic of all assessed genes to test for significantly coordinated 
shifts in gene pathways, as suggested by (Zyla et al., 2017). We used the human and 
mouse gene ontology database, for great tit and mouse data, respectively. Great tit 
genes were mapped to their corresponding human orthologs based on HUGO Gene 
Nomenclature Committee (HGNC) symbol. Genes that could not be assigned to a 
human gene were excluded, and therefore great tit-specific genes are missing from 
these analyses. All functional category enrichment analyses considered an adjusted 
p-value < 0.05 after BH correction to be significant. 

Results		
Brain region- and species-specific differences in gene expression between fast 
and slow reversal learning individuals  
Using principal component analysis (PCA) on gene expression data from the 
striatum and cerebellum of both species, principal component (PC)1 explained 
94% of the variance, PC2 3% and PC3 1.5% (Figure 4.1). Species separated 
significantly along PC1 (p < 0.001) and brain regions separated along PC2 (p < 
0.001). Fast and slow reverser groups did not separate significantly in any of the 
PCs.  

 
Figure 4.1 Clustering of RNA-seq samples based on principal component analysis (PCA). 
Species cluster along PC1 (circles = great tit; triangles = mouse) and brain regions along PC2 (solid= 
striatum; transparent = cerebellum) but reverser phenotypes (blue = fast, orange = slow) do not 
cluster based on gene expression levels. 
 
We found significant gene expression differences between fast and slow reversal 
learners in three genes in the striatum of great tits (Figure 4.2a) and 37 genes in 
the striatum of mice (Figure 4.2b), see Supplementary Table 4.4 for full list. In the 
striatum of great tits, two genes were upregulated and one downregulated in fast 
compared to slow learning individuals. The expression of ubiquitin-specific 
peptidase 5 (USP5) (log2FC = -4.71, adjusted p-value = 0.020) and polycystic kidney 
disease-like ion channel (PKD2L1) (log2FC = -5.34, adjusted p-value = 0.002) was 
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upregulated in fast learning individuals, whereas ENSPMJG00000015246, which 
overlaps the VWA domain-containing protein 3B (VWA3B) (log2FC = 4.45, adjusted 
p-value = 0.002) was upregulated in slow learning individuals (Figure 4.2c). In the 
mouse striatum, four genes were upregulated and 33 were downregulated in fast 
learning individuals compared to slow individuals. Of these, eva-1 homolog A 
(Eva1a) (logFC = 6.41, adjusted p-value < 0.001) has a log fold change greater than 
5 (Figure 4.2d).  
 

 
Figure 4.2 Striatal gene expression in fast and slow reversal learning great tits and mice. 
Volcano plots highlight the genes that are differentially expressed in the great tit striatum a) and 
mouse striatum b), where the cut-off for significance (dots beyond the dashed lines) is p < 0.05 with 
false-discovery rate correction and a log2FoldChange of 1 or greater. c) Highlighted differentially 
expressed genes in the great tit striatum and d) mouse striatum are shown as boxplots, with 
rectangles as the lower and upper quartiles (with the median as the line) and whiskers that indicate 
the maximum and minimum values. Blue = higher expressed in fast reversers, orange = higher 
expressed in slow reversers. 
	
We found significant gene expression differences between fast and slow reversal 
learners in four genes in the cerebellum of great tits and two genes in the 
cerebellum of mice (Figure 4.3a), see Supplementary Table 4.4 for full list. In the 
great tit cerebellum, the four DEGs were all upregulated in slow learners (Figure 
4.3b): alpha-L-iduronidase IDUA (log2FC = 1.66, adjusted p-value = 0.03), aldehyde 
dehydrogenase ALDH1A3 (log2FC = 1.97, adjusted p-value = 0.035), forkhead box 
FOXC2 (log2FC = 2.29, adjusted p-value = 0.01) and the fourth is a transcript 
(ENSPMJG00000000917) that overlaps the keratin, type I cytoskeletal 14 gene 
(NCBI LOC107215137; log2FC = 3.57, adjusted p-value < 0.001) (Figure 4.3c). In the 
mouse cerebellum, two genes were upregulated in slow learners (Figure 4.3d): 
pseudogene Gm29216 (log2FC = 5.33, adjusted p-value < 0.001) and inositol 
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phosphatase Inpp5d (log2FC = 1.75, adjusted p-value < 0.001). There was no 
overlap in DEGs across the brain regions or species.  
 

 
Figure 4.3 Cerebellar gene expression in fast and slow reversal learning great tits and mice. 
Volcano plots highlight the genes that are differentially expressed in the great tit cerebellum a) and 
mouse cerebellum b), where the cut-off for significance (dots beyond the dashed lines) is p < 0.05 
with false-discovery rate correction and a log-fold change of one or greater. c) Highlighted 
differentially expressed genes in the great tit cerebellum and d) mouse cerebellum are shown as 
boxplots, with rectangles as the lower and upper quartiles (with the median as the line) and 
whiskers that indicate the maximum and minimum values. Blue = higher expressed in fast reversers, 
orange = higher expressed in slow reversers. 
 
GO enrichment analysis of differentially expressed genes 
Gene set enrichment analysis identified 63 enriched GO and 13 enriched KEGG sets 
in the great tit striatum, 92 GO and 13 KEGG in the great tit cerebellum, 223 GO and 
27 KEGG in the mouse striatum and 143 GO and 27 KEGG in the mouse 
cerebellum (Figure 4.4 and Supplementary Tables 4.5-12). We found large overlap 
in these enriched GO and KEGG sets when comparing mouse and great tit, especially 
in the cerebellum. Sets that were enriched in the striatum of both species include 
the GO terms “neuron to neuron synapse”, “glutamate receptor binding”, “gated 
channel activity” and KEGG terms “pathways of neurodegeneration”, “prion 
disease” and “huntington disease”. Sets that were enriched in the cerebellum of 
both species include GO terms “oxidative phosphorylation”, “ribosome”, 
“mitochondrial-containing complex”, “structural constituent of ribosome”, 
“unfolded protein binding” and KEGG terms “prion disease”, “huntington disease” 
and “Parkinson disease”.  
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Figure 4.4 Gene-set enrichment analysis of differential expression between fast and slow 
reversers. (a) Enriched GO terms (biological process, molecular function and cellular component) 
terms and (b) KEGG terms in the transcriptome of striatum and cerebellum of fast and slow reversal 
learning mice and great tits. Gene ratio (dot size) represents percentage of core enrichment genes 
in the given term, and significance (colours) is based on Benjamini-Hochberg adjusted p-values 
(FDR). 

a 

b 
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Discussion		
To better understand individual differences in cognitive flexibility and cross-
species molecular causes of these differences, we compared brain gene expression 
of fast and slow reversal learners in mice and birds. We identified several 
differentially expressed genes in two brain regions in great tits that are relevant to 
reversal learning. When testing for conserved functionality across taxonomic 
classes by comparing these results to transcriptomic differences in homologous 
regions of mice that were fast and slow at reversal learning, we found that most of 
the variation in gene expression was explained by species, followed by brain region 
(cerebellum vs striatum). Accordingly, we found no overlap in transcriptomic 
differences between fast and slow learning individuals when comparing great tit 
and mouse. Nonetheless, gene set enrichment analysis showed striking parallels in 
the cross-taxa RNA-sequencing results that are relevant to the function of the 
striatum and cerebellum in reversal learning performance.  
 
In each brain region, we found unique genes to be differentially expressed between 
fast and slow reversal learners, of which some of the most interesting we will 
discuss below. The striatum plays a particularly important role in feedback-driven 
learning (Schultz, 2006), including rapidly shifting feedback as occurs in reversal 
learning assays (Cools et al., 2002; Klanker et al., 2015). In the striatum of great tits, 
we found overexpression of PKD2L1 in fast reversal learners. PKD2L1 contributes 
to sour taste responses in mice (Horio et al., 2010). A possible indication how 
PKD2L1 relates to reversal learning performance, is that it is up-regulated in rats 
with high emotional reactivity in comparison to less emotional rats (Sabariego et 
al., 2013). In addition, the ubiquitin-specific peptidase 5 (USP5) was upregulated in 
fast learning individuals. This gene encodes a protein that controls ubiquitin levels. 
The ubiquitin-proteasome system enables rapid protein changes, and, as such, 
ubiquitin-dependent remodelling of the synaptic proteome is an important process 
for synaptic plasticity and memory storage (Mabb and Ehlers, 2010). In the mouse 
striatum, most genes were overexpressed in slow learners, including Eva-1 
Homolog A (Eva1a), which plays an important role in neurogenesis (Zhong et al., 
2017), Spalt Like Transcription Factor 3 (Sall3), a transcription factor gene that is 
expressed in precursors of GABAergic neurons (Morello et al., 2020), and 
peroxisome proliferator-activated receptor-alpha (PPARα), disruption which 
caused cognitive inflexibility in a spatial reversal-learning task in mice (D’Agostino 
et al., 2015).  
 
Cerebellar neurons also show a response to reward delivery, anticipation, and to 
shifting feedback (Pierce & Péron, 2022; Wagner et al., 2017). In the great tit 
cerebellum, the gene ALDH1A3 is overexpressed in slow reversal learners and 
encodes an aldehyde dehydrogenase enzyme, which oxidizes retinal to retinoic 
acid. Retinoic acid plays a regulatory role in nervous system development including 
the cerebellum (Durston et al., 1989; Matsumoto et al., 1998; Parenti and Cicirata, 
2004). Alpha-L-iduronidase (IDUA) encodes an enzyme that is required for the 
lysosomal degradation of glycosaminoglycans, which play a crucial role in the cell 
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signalling process, including regulation of cell growth and proliferation. Long-term 
memory for aversive training is impaired in mice with targeted disruption of IDUA 
(Reolon et al., 2006). In the mouse cerebellum, INPP5D was overexpressed in slow 
reversal learners. INPP5D encodes inositol polyphosphate-5-phosphatase which 
metabolizes inositol phospholipids, which play a key role in signal transfer between 
the cell membrane and the nucleus (Viernes et al., 2014). Specifically, INPP5D 
negatively regulates immune signalling, positively correlates with amyloid plaque 
density, and its´ expression increases as Alzheimer’s disease progresses (Tsai et al., 
2021). This disease has been linked to reduced cognitive flexibility. Interestingly, 
an intronic SNP in INPP5D that has been associated with a lowered risk of 
Alzheimer’s disease, was also associated with lower protein expression of IDUA 
(Heath et al., 2022), providing a link between IDUA, which had higher expression 
levels in slow reversal learners in the great tit, and INPP5D, which had higher 
expression levels in slow reversal learners in the mouse.  
 
One explanation for the low number of genes that showed differences in expression 
between the fast and slow reversal learners is that the differences in performance 
in the individuals that we used in our study were not sufficiently extreme to allow 
for the detection of correlated differences in gene expression. Earlier studies that 
linked transcriptional variation with cognitive flexibility phenotypes generally did 
so by examining experience-dependent gene expression following task execution 
(Guzowski et al., 2001), or by comparing manipulated individuals or disease models 
with controls (Wang et al., 2015a, 2015b; eIanov et al., 2016; Lander et al., 2017). 
Also, from the work in Chapter 2 we know that repeatability of this trait is relatively 
low (0.14) in great tits, as is common for measures of cognition (Cauchoix et al., 
2018). Subtle behavioural differences may be accompanied by small expressions 
change, which may be difficult to pick up (Benowitz et al., 2019). Indeed, it is not 
uncommon to find relatively low numbers of differentially expressed genes when 
comparing baseline behavioural states (Kabelik et al., 2021; Lattin et al., 2022).  
 
Nonetheless, these studies find large variation in the number of trait-related 
differentially expressed genes across brain regions, and it is likely that the 
magnitude of transcriptional differences within a brain region reflects its relative 
importance to the studied trait. Normal functioning of the cerebellum and striatum 
is crucial for cognitive flexibility (Klanker et al., 2015; Groman et al., 2016; Linden 
et al., 2018; Peterburs et al., 2018; Sala-Bayo et al., 2020; Shipman and Green, 2020; 
Pierce and Péron, 2022). However, based on our findings it seems that differences 
in gene expression in these regions explain individual performance differences only 
to a small degree. Perhaps there are other brain regions that play more crucial roles 
for individual differences in reversal learning performance, other candidates are 
for instance the hippocampus (Thompson et al., 2015; Vilà-Balló et al., 2017) and 
amygdala (Izquierdo et al., 2013; Keefer and Petrovich, 2020). We also know that 
higher order brain regions, like cortical regions in mammals and the NCL in birds, 
play important roles (Brigman and Rothblat, 2008; Izquierdo et al., 2017). 
However, as these regions are not homologous between birds and mammals 
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(Belgard et al., 2013; Güntürkün and Bugnyar, 2016), we choose not to focus on 
these regions here.  
 
On the level of differentially expressed genes, the causes of between-individual 
differences in reversal learning performance seem not universal but rather the 
result of convergent molecular mechanisms. Because we studied baseline states of 
a highly complex trait, we expected that small but coordinated changes in sets of 
functionally related genes might be equally impactful on the behavioural 
phenotype as the genes that have large expression changes. Therefore, we also 
performed gene set enrichment analysis to look for pathways that display 
significantly co-ordinated differences in gene expression. On doing so, we found 
overlap in biological function of significantly enriched gene sets. Generally, there 
was more overlap within brain region across species rather than within species, 
across brain regions. Two enriched pathways that overlapped across all four 
groups, were the KEGG terms prion disease and Huntington disease. Both are 
neurodegenerative diseases that affect neuronal dysfunction and experience-
dependent plasticity (Murphy et al., 2000; Moreno and Mallucci, 2010; Murmu et 
al., 2015), and therefore it is no surprise that genes in these pathways link to 
reversal learning performance. Specifically in the case of Huntington disease, 
striatal-dependent cognitive flexibility is affected (Nickchen et al., 2017; Padron-
Rivera et al., 2022). The GO category “axon”, was enriched in both striatum and 
cerebellum of great tits, but otherwise there were no overlapping terms within the 
two different brain regions in either species. This affirms the importance of 
studying brain region-specific patterns of gene expression.  
 
In both striatum and cerebellum, GO and KEGG pathway analysis showed a 
functional similarity between genes differentially expressed in mice and great tits. 
In the striatum, overlapping terms were relevant to striatal functioning, such as 
neuron to neuron synapse, glutamate receptor binding, and pathways of 
neurodegeneration. The striatum receives glutamatergic projections from the 
cortex and thalamus (Paraskevopoulou et al., 2019), and there is ample evidence 
that glutamate signalling is important for reversal learning performance (Izquierdo 
et al., 2017; Liu et al., 2020). There were also some notable differences in the 
striatum of both species, in the great tit several pathways related to neuronal 
differentiation were differentially upregulated, whereas in the mouse, we found 
differential regulation of angiogenetic and cardiovascular processes. In mice, these 
processes were found to be differentially upregulated in the striatum following 
learning, and angiogenesis, rather than neurogenesis was shown to be critical for 
learning and memory acquisition in rats (Kerr et al., 2010; Lousada et al., 2023). 
Neurogenesis occurs much more broadly in the avian brain than in the mammalian 
brain (Barnea and Pravosudov, 2011). Together, this apparent discrepancy 
between the two species may reflect a true difference of importance of 
neurogenesis versus angiogenesis to reversal learning performance between great 
tits and mice that would be an interesting avenue for further study. 
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In the cerebellum, the ribosome pathway was significantly activated in fast learners 
of both species. Ribosomes are crucial complexes for protein synthesis, suggesting 
that slow learners have altered protein translations compared to fast learners. 
Local protein synthesis is crucial for memory formation and synaptic plasticity 
(Costa-Mattioli et al., 2009; Moncada et al., 2015; Chen et al., 2017), and age-linked 
dysregulation of protein synthesis correlate with deterioration of spatial memory 
and behavioural flexibility (Yang et al., 2019). Also, the oxidative phosphorylation 
pathway was significantly activated in fast learners. This term refers to the process 
that takes place in the mitochondria, where nutrients are oxidized to produce ATP. 
Neural tissue development and function is very dependent on mitochondrial 
dynamics (Chen et al., 2007). Lower oxidative phosphorylation activity can cause 
increased production of reactive oxygen species, which have a modulatory role in 
synaptic plasticity, but can impair LTP at too high concentrations (Serrano and 
Klann, 2004). The KEGG term Parkinson’s disease was significantly activated in the 
cerebellum of fast learners in both species as well as in the striatum of mice. 
Notably, many genes that are associated with Parkinson’s disease have a function 
in the oxidative phosphorylation, providing a link between these two pathways (Ali 
and Dholaniya, 2022). Parkinson’s disease is a progressive neurodegenerative 
disorder causing pathological alterations in the cerebellum (Wu and Hallett, 2013), 
primarily resulting from dopamine neuronal loss (Tolosa et al., 2006). In that sense, 
it is surprising that differences related to genes in the Parkinson’s disease pathway 
were not found in the striatum of great tits, where dopamine is also an important 
neuromodulator. In general it is surprising that we did not find any differences in 
genes specifically related to dopamine signalling, considering the known 
importance of the dopaminergic system for reward processing and cognitive 
flexibility, although we did find enrichment of pathways related to 
neurotransmitter signalling (Laughlin et al., 2011; Groman et al., 2014, 2016; 
Klanker et al., 2015; Linden et al., 2018; Sala-Bayo et al., 2020).  
 
The gene expression patterns highlighted above only reflect a molecular phenotype 
and not necessarily a genotype. Variation in gene expression can have genetic 
origins, but we know that the estimated heritability of reversal learning 
performance equals zero in great tits (Chapter 2), and ranges from 0.17-0.3 in mice 
(Laughlin et al., 2011; Bailey et al., 2021), meaning that the contribution of other 
regulatory factors is high. Environmental interventions, such as social isolation 
(Han et al., 2011; Benner et al., 2014) and neonatal handling (Noschang et al., 2012; 
Río-Álamos et al., 2019), are known to affect reversal learning performance and 
brain gene expression, and these external influences are among others mediated by 
epigenetic mechanisms such as histone acetylation (Li et al., 2016). Therefore, to 
better understand what underlies individual differences in gene expression and 
cognition, it will be worthwhile to assess whether those differences coexist with 
epigenetic variation. And, to explore potential environmental causes of individual 
variation, it would be very interesting to manipulate early life (e.g., adversity or 
enrichment) and study how that affects gene expression and epigenetic marks.  
To conclude, we found no overlap in the genes that were differentially expressed 
between brain regions and between species. However, when summarising these 
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genes in differentially enriched gene sets, we did find overlapping GO and KEGG 
categories. Most overlapping terms between species occurred within the same 
brain region, suggesting that individual differences in reversal learning 
performance are highly brain region-specific, but this pattern is consistent even 
across-taxa. In the striatum, we found overlap in terms related to synaptic 
plasticity, glutamate signalling and pathways of neurodegeneration. In the 
cerebellum, we mostly found overlapping pathways related to metabolism, such as 
protein metabolic processes, oxidative phosphorylation and ribosome functioning. 
Considering the high energetic costs of information processing in the cerebellum, 
most neurons of which show extremely high intrinsic activity that is modulated 
during learning (De Zeeuw et al., 2011; De Zeeuw, 2021), and given the energetic 
costs that come with associated learning and memory performance (Laughlin, 
2001), it seems intuitive that individual differences in energy metabolism or 
allocation may underlie individual differences in cognitive performance. Overall, 
our findings suggests that although the identity of differentially expressed genes 
are highly brain region- and species-specific, some core functions related to 
reversal learning performance are conserved across mammals and birds. 
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Supplement	to	Chapter	4	
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Supplementary Figure 4.1 Kaplan Meier plots of the trials to reach learning criterion (TTC) during 
the reversal learning task for great tits. “Time” is number of trials, and “event” is reaching trials to 
criterion. Every time an individual reaches learning criterion, the proportion of individuals 
succeeding at the task on the Y-axis increases. The fast and slow learning individuals differ 
significantly on success probability (log-rank test p = 0.007). 

 
Supplementary Figure 4.2 a) Behavioural performance across reversal learning session for mice. 
Lines show percent response during rewarded (blue) and non-rewarded (red) trials across 
consecutive blocks of trials before and after reversal (block 3). b) Cumulative response curves for 
learners (blue, n = 4) and non-learners (red, n = 4). 
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Supplementary Table 4.1 Sample origins, reversal learning scores, and samples (Y) included in 
final analysis. TTC = trials to criterion. 

 
Supplementary Table 4.2 Summary of sequencing and alignment of included great tit libraries.  

 
Supplementary Table 4.3 Summary of sequencing and alignment of included mouse libraries. 

	
	
	 	

Species	 Phenotype	 Individual	 Brood/ 
Nest	

TTC	 
R1	

TTC	 
R2	

TTC	 
R3	

Mean	
TTC	

Total	
correct	

STR 
NeuN+	

CB 
Bulk	

Great tit Fast  BD...76237 70664 8 25 7 13.33 - Y Y 
BD...76021 70154 9 26 9 14.67 -  Y 
BD...76157 70156 11 15 8 11.33 -  Y 
BD...76096 70132 16 23 8 15.67 - Y  

Slow  BD...76081 70145 29 16 30 25 -  Y 
BD...76038 70115 53 21 24 32.67 - Y  
BD...76216 70361 98 81 45 74.67 -  Y 
BD...76149 70155 164 8 45 72.33 - Y  

Mouse Fast  1 1  - - - 12  Y 
3 1  - - - 32 Y Y 
6 2  - - - 21   
8 2  - - - 33 Y  

Slow  2 1  - - - 4 Y Y 
4 1  - - - 11  Y 
7 2  - - - 3   
9 2  - - - 10 Y  

Brain	
region	

Phenotype	 Individual	 #Raw	
reads 

%Aligned 
1X 

#Aligned 
1X 

#Aligned 
to	genes 

Striatum Fast  BD...76237 27,180,653 69.31 18,836,513 11,471,278 
  BD...76096 60,259,538 80.14 48,294,457 26,958,249 
 Slow  BD...76038 27,956,839 78.13 21,841,806 12,470,514 
  BD...76149 56,860,753 77.74 44,201,536 24,504,588 
Cerebellum	
	

Fast 	 BD...76237	 20,130,748	 74.18	 14,933,841	  8,608,710	
BD...76021	 25,722,205	 75.64	 19,456,678	 10,912,056	
BD...76157	 21,155,242	 75.00	 15,865,407	  9,386,363	

Slow 	 BD...76081	 16,972,169	 72.42	 12,290,472	  7,511,182	
BD...76216	 12,261,508	 74.08	  9,083,617	  5,425,060	
     

Brain	
region	

Phenotype	 Individual	 #Raw	
reads 

%Aligned 
1X 

#Aligned 
1X 

#Aligned 
to	genes 

Striatum	
	

Fast 	 3	 41,534,881	74.08	 30,768,161	 25,847,563	
8	 60,633,785	79.63	 48,281,831	 17,418,156	

Slow 	 2	 33,707,254	77.17	 26,011,829	 21,844,337	
9	 17,484,978	68.40	 11,960,115	 5,864,833	

Cerebellum Fast  1 8,633,819 73.48 6,344,474 5,250,415 
3 16,773,547 74.18 12,443,378 10,192,388 

Slow  2 28,667,824 73.03 20,937,436 17,166,645 
4 36,905,336 73.56 27,148,287 22,471,799 
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Chapter	5. 	

Molecular	and	epigenetic	mechanisms	underlying	
individual	differences	in	cognitive	flexibility	in	a	

songbird	
 

Krista van den Heuvel, Beril Yildiz, Ilia Timpanaro, A. Christa 
Mateman, Alexander Kotrschal, Menno Creyghton, Kees van Oers 

 
Abstract	

	
Cognitive flexibility allows animals to adapt to environmental challenges, and this 
ability varies considerably between individuals within species. Understanding the 
causal mechanisms that underlie such individual variation is key for understanding 
the evolution of cognitive traits. However, while the neural mechanisms involved 
in cognitive flexibility are revealed, the role of epigenetic mechanisms regulating 
gene transcription to cause individual cognitive variation is increasingly discussed 
but has not been established. To address this, we assessed how chromatin 
accessibility and DNA methylation associate with gene expression related to 
natural variation in cognitive flexibility using the great tit (Parus major) as our 
model species. For this, we compared gene expression in three brain regions 
(striatum, hippocampus and cerebellum) between individuals with previously 
established high and low performance on a reversal learning task. For two of these 
brain regions, the striatum and hippocampus, we assessed how differential gene 
expression correlates with differences in chromatin accessibility. In the striatum, 
we additionally assessed whole-genome DNA methylation. We found brain region-
specific gene expression differences between high and low reversal learners. While 
in the striatum we found a positive relationship between differences in chromatin 
accessibility and gene expression, specifically for open regions in promoter and 
introns, there was no such association in the hippocampus. Consequently, we 
additionally assessed DNA methylation in the striatum, and found that DNA 
methylation was associated with gene expression for CpG sites situated in the 
promoter and around the transcription start site. Hence, our study revealed that 
reversal learning-specific differences in gene expression are epigenetically 
regulated in a brain- and genomic region-specific way. These new insights into the 
molecular epigenetic underpinnings of individual variation in cognitive flexibility, 
is an important step towards understanding how cognitive variation is involved in 
the adaptation to a rapidly changing environment without changing the DNA 
sequence.  
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Introduction	
Epigenetic mechanisms play an essential role in experience-dependent learning 
processes (Shumake et al., 2009; Cholewa-Waclaw et al., 2016; Duke et al., 2017; 
Sun et al., 2019; Shang and Bieszczad, 2022). Epigenetic processes, such as DNA 
methylation and post-translational histone modifications are molecularly linked 
(Vaissière et al., 2008; Hashimoto et al., 2010), and can alter the transcriptional 
state of DNA by influencing the accessibility of chromatin at gene promoters and 
enhancers to transcription factors (Gibney and Nolan, 2010; Klemm et al., 2019). 
DNA methylation and histone modifications are both required for memory 
formation and synaptic plasticity (Campbell and Wood, 2019; Herre and Korb, 
2019). The encoding of new memories requires distinct profiles of gene expression 
to promote synaptic plasticity which involves altering epigenetic states of those 
genomic loci (Cortés-Mendoza et al., 2013; Campbell and Wood, 2019). As such, 
epigenetic alterations serve as a platform for early-life experiences to alter long-
term behavioural output (Bedrosian et al., 2018; Raus et al., 2023). Therefore, 
epigenetic mechanisms have recently become the focus for understanding 
individual differences in behaviour (Ledon-Rettig et al., 2013; Phelps et al., 2017; 
Kilvitis et al., 2018; Sweatt, 2019).  
 
In the wild, animals constantly need to learn to discriminate among stimuli and to 
learn new discriminations (Shettleworth, 2010). Cognitive flexibility describes this 
ability to flexibly update learned predictions about cue-reward contingencies when 
those are altered (Izquierdo et al., 2017). Individuals vary widely and consistently 
in their level of cognitive flexibility performance, see Chapter 2 and (Ashton et al., 
2022; De Meester et al., 2022b; Morand-Ferron et al., 2022). Despite the critical 
involvement of epigenetic mechanisms in associative reward learning (Day et al., 
2013), only few studies have specifically addressed their role in causing variation 
in reversal learning performance. There is evidence that environmental 
interventions such as social isolation (Han et al., 2011; Benner et al., 2014) and 
neonatal handling (Noschang et al., 2012; Río-Álamos et al., 2019) that affect 
reversal learning performance, do so via epigenetic mechanisms. For example, rats 
that were socially isolated during early adolescence display impaired spatial 
reversal learning as well as altered histone acetylation at the BDNF gene and BDNF 
expression (Li et al., 2016). More direct evidence for the critical involvement of 
epigenetic mechanisms in reversal learning, comes from manipulation studies. 
Inhibition of DNA methyltransferase negatively affected reversal learning but not 
associative learning performance in honey bees (Apis mellifera), most likely 
because long-term memory formation was affected (Biergans et al., 2016). 
Similarly, inhibition of histone deacetylase of the dorsal striatum following 
associative reward learning accelerated habit formation, which requires 
consolidation of long-term memories, suggesting a role for striatal histone 
acetylation in establishing inflexible responding (Malvaez et al., 2018). Epigenetic 
mechanisms may contribute to long-term individual differences in cognition. 
However, the extent to which natural variation in reversal learning performance 
can be explained by epigenetic variation is currently unknown.  

Chapter 5



123 

To better understand the mechanisms that predispose individuals to exhibit a 
certain cognitive flexibility phenotype, we previously compared brain gene 
expression in the striatum and cerebellum of fast and slow reversal learning great 
tits (Chapter 4). The avian striatum is homologous to the mammalian striatum 
(Jarvis et al., 2005) and functions in reward-based reinforcement learning 
(Pennartz et al., 2009; Rose et al., 2013b). The avian cerebellum is equivalent to the 
hemispheres of the mammalian cerebellum and functions in motor coordination 
and locomotion (Hall et al., 2013; Yopak et al., 2017), but there is now increasing 
evidence for roles of the avian cerebellum in additional cognitive functions, such as 
emotion, reward, and memory (Ebneter et al., 2016; Edwards et al., 2020; 
Katajamaa et al., 2021; Stingo-Hirmas et al., 2022), although most evidence to date 
comes from mammals (Pierce and Péron, 2022). In both brain regions, we found 
transcriptomic differences between fast and slow learning individuals, with 
enriched pathways in synaptic functioning in the striatum, and metabolism in the 
cerebellum. Here, we build on our previous study and include the hippocampus, 
another frequently discussed candidate region for spatial reversal learning (Epp et 
al., 2016; Tello-Ramos et al., 2019). The avian hippocampus is a functional and 
developmental homologue of the mammalian hippocampus, and well known for its 
role in spatial navigation and stimulus-response learning (Colombo and Broadbent, 
2000; Belgard et al., 2013; Herold et al., 2022). In mammals, it is postulated that the 
hippocampus encodes information about the reward location (Gauthier and Tank, 
2018; Karlsson et al., 2018) and that hippocampal neurogenesis plays a role in 
cognitive flexibility (Toda and Gage, 2018).  
 
Variation in gene expression can have genetic origins, but as there seems to be no 
heritability of reversal learning performance in great tits (Chapter 2), the 
contribution of regulatory factors, such as epigenetic mechanisms is likely high. In 
songbirds, DNA methylation changes are associated with neurodevelopmental gene 
expression dynamics (Diddens et al., 2021) and histone modifications are 
associated with developmental song learning (Kelly et al., 2018). This can likely be 
extended to other types of synaptic plasticity. Because epigenetic differences can 
be explained by chromatin accessibility changes, assessing chromatin state 
provides a good starting point for understanding the regulatory mechanisms 
underlying gene expression differences between phenotypes (Grandi et al., 2022). 
Differences in chromatin accessibility can be compared using the assay for 
transposase-accessible chromatin using sequencing (ATAC-seq) (Buenrostro et al., 
2015; Corces et al., 2017). As epigenetic patterns are cell-type- and brain-region-
specific (Brown et al., 2008; Rizzardi et al., 2019), the epigenetic differences that 
play a role in cognitive variation are likely similarly specific to those regions and 
cells that are involved in cognitive tasks. Neuron purification by fluorescent 
activated cell sorting (FACS) is a useful tool to investigate molecular mechanisms 
of defined cell types (Lobo et al., 2006). However, to our knowledge, no studies have 
examined both gene expression and epigenetic differences between cellular 
subpopulations isolated from avian brain tissue and linked that to natural cognitive 
variation. Here, we addressed this knowledge gap by associating gene expression 
differences between fast and slow reversers with chromatin accessibility in 
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neuronal nuclei isolated from the striatum and the hippocampus and DNA 
methylation using Enzymatic methyl sequencing (EM-seq) in bulk striatal tissue of 
great tits (Parus major), selected for fast and slow reversal learning performance. 
We expect that differential chromatin accessibility and methylation can explain, in 
part, differences in gene expression between fast and slow reversal learners, 
mainly in the striatum. 

Materials	and	Methods	
Sample origins  
Study subjects and housing 
In May and June of 2018, 322 10-day old great tit nestlings were captured in a 
consort from in total 42 broods and transported to the aviary facilities at the NIOO-
KNAW. They originated from the nest box population Boslust (Groot Warnsborn) 
near Arnhem, the Netherlands (5°850 E, 52°010 N), a 70 ha field site, consisting of 
mixed pine-deciduous forest. We hand-reared the nestlings until independence 
according to established methods (Drent et al., 2003). Briefly, we transferred 
nestlings in sibling groups of three to four birds to a compartment within a wooden 
box, each box containing three compartments and each compartment containing a 
natural parasite-free nest. Upon fledging, around 17-20 days after hatching, birds 
were transferred to small wire-mesh cages in groups of three. Around day 35 after 
hatching, they were completely independent and we transferred them to standard 
individual cages of 0.9 m × 0.4 m × 0.5 m with solid bottom, top, side, and rear walls, 
a wire-mesh front and three perches. Birds were kept under natural light 
conditions in acoustic and visual contact with each other. 
In July, we took a blood sample for sex determination. In September, after their first 
moult, we transferred individuals to single-sex groups in semi-open outdoor 
aviaries (2 m x 4 m x 2.5 m). Food consisted of a homemade mixture of ground beef 
heart, egg, calcium and a multivitamin solution, supplemented with mealworms, 
apple, and sunflower seeds and fat balls in winter, and was available ad libitum. 
Birds were kept under natural light conditions, with vocal and visual contact to 
other birds. In October, when birds were full-grown, we measured tarsus.  
 
Reversal learning assessment 
From October 2018-February 2019, birds were tested for associative and reversal 
learning performance to assess their cognitive flexibility. As part of a larger study 
(Chapter 2), all individuals were subjected to two additional rounds of testing, in 
February 2020 and September 2020. We used automated feeders to assess learning 
performance, using a three-choice spatial learning procedure as described in 
Chapter 2. Briefly, eight days prior to testing, individuals were habituated to use 
the feeders under standard housing conditions in semi-open outdoor aviaries. After 
habituation, we caught individuals from the group, weighed them, and released 
them individually in a testing aviary. In the testing aviary, water was available ad 
libitum while no food was available during the test, in order to maintain motivation 
to take part in the learning test.  

Chapter 5
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During the experiment, one feeder at a time provided a reward (freeze-dried 
mealworm) in a triangular array with two other unrewarding feeders, requiring 
individuals to learn the location of the rewarded feeder. Individuals were first 
trained to go to an assigned feeder, which was reinforced until individuals reached 
a criterion level of six correct trials out of seven. This success rate is significantly 
different from the expectation if birds selected feeders at random (binomial test, p 
< 0.01). A trial was defined as a landing on the perch with the RFID antenna. After 
completing the associative learning phase, the reversal learning task began as the 
reward contingencies were reversed to one of the other two feeders. Again, birds 
had to reach the learning criterion of six correct visits across seven trials to the new 
feeder. Individuals had from 09:00 until 15:00 to complete both phases of the test. 
For further details of the test setup, see Chapter 2.  
 
Reversal learning performance was scored as the total number of trials required to 
reach the learning criterion (six correct visits out of seven subsequent trials). 
Selected slow individuals needed more trials to finish the reversal learning task 
compared to fast individuals (p = 0.007, Supplementary Figure 5.1). After the last 
reversal learning test, animals were housed under standard group housing 
conditions without handling. 
	
Tissue collection 
Based on their mean performance across the three reversal learning tests, four 
unrelated fast and slow performing males were selected for comparative gene 
expression analysis. Four weeks after the last reversal learning task, individuals 
were caught from the aviaries and deeply anaesthetized with isoflurane (IsoFlo, 
Zoetis, Kalamazoo, MI, USA). After decapitation, the brain was dissected out and 
placed in ice cold PBS for further micro dissection of the cerebellum, and bilateral 
dissection of striatum (including area X) and hippocampus. Brain regions were 
located by the use of the online zebra finch brain atlas (Karten et al., 2013) ZEBrA 
(Oregon Health & Science University, Portland, OR, USA; 
http://www.zebrafinchatlas.org). Isolated tissue was flash-frozen in liquid 
nitrogen in 1.5 ml RNA-free tubes and stored at −80°C until RNA isolation. 
 
Nuclei isolation 
Frozen brain tissue was pulverized with mortar and pestle on dry ice to yield ~0.2 
mL of tissue powder, the rest of the tissue powder was saved for DNA extraction. 
Tissue powder was homogenized in a glass douncer (Kontes Glass Co.) in 0.5 ml EZ 
buffer (Nuclei Isolation Kit, Sigma NUC101) and incubated for 5 min on ice. 
Subsequently samples were centrifuged for 15 min at 65 × g at 4 °C, resuspended in 
0.5 mL EZ buffer and incubated on ice for 5 min. Samples were again centrifuged 
for 15 min at 65 × g at 4 °C, resuspended in 0.5 mL nuclear suspension buffer (NSB; 
0.01% BSA, 1× complete protease inhibitor cocktail in PBS) and filtered through a 
40 µm cell strainer. Samples were centrifuged for 15 min at 65 × g at 4 °C and 
resuspended in 0.5 mL NSB.  
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Striatum and hippocampus 
For nuclei collected from the striatum and hippocampus, 1:1000 Hoechst 34580 
(1 µg/ml, Fisher Scientific H21486) was added to blocking solution (1% BSA, 10% 
normal mouse serum (NMS) in PBS) and incubated light shielded at 4 °C for 20 min. 
10% of the blocked sample was used as unstained control, the remaining 90% was 
stained with 1:1500 anti-NeuN antibody conjugated with Alexa488 (1:1000, Merck 
Millipore MAB377X) without washing and incubated for 1 h at 4 °C on a roller, 
protected from light. Stained nuclei were then transferred to FACS tubes precoated 
with 3% BSA and FACS-sorted on NeuN signal using a BD FACSAria II (BD 
Bioscience). 5,000 neuronal (NeuN+ stained) and 5000 non-neuronal (NeuN− 
stained) nuclei were collected in 100 µl Trizol each for RNA-sequencing. 60,000 
NeuN+ and NeuN− stained nuclei were collected in NSB and processed further for 
ATAC-sequencing (see below). In this study, we only used neuronal cells for further 
analysis. 
 
Cerebellum 
Bulk nuclei from cerebellar tissue (which consists of >80% neurons (Olkowicz et 
al., 2016)) were stained with trypan blue and counted on a hemacytometer. 50,000 
nuclei were processed further for ATAC-sequencing, 5,000 nuclei were pelleted by 
10 minutes centrifugation at 500g and resuspended in 100 µl Trizol for RNA-
sequencing. 
 
RNA-sequencing  
RNA-sequencing was performed at Single Cell Discoveries, a (single cell) 
sequencing provider located in the Netherlands using an adapted version of the 
CEL-seq protocol. In brief: Total RNA was extracted using the standard TRIzol 
(Invitrogen) protocol and used for library preparation and sequencing. mRNA was 
processed as described previously, following an adapted version of the single-cell 
mRNA seq protocol of CEL-Seq (Simmini et al., 2014; Hashimshony et al., 2016). In 
brief, samples were barcoded with CEL-seq primers during a reverse transcription 
and pooled after second strand synthesis. The resulting cDNA was amplified with 
an overnight In vitro transcription reaction. From this amplified RNA, sequencing 
libraries were prepared with Illumina Truseq small RNA primers. Paired-end 
sequencing was performed on the Illumina Nextseq500 platform with a sequencing 
depth of 10 million reads/sample. All reads were trimmed of adapters and low 
quality bases using fastx and sequencing quality was checked using the software 
FastQC (v0.11.9) (Andrews, 2010). Trimmed reads were mapped to the Parus 
major reference genome (Ensembl Assembly Parus_major1.1: GCA_001522545.2, 
(Laine et al., 2016)) using Hisat2 v2.2.1 (Kim et al., 2019) with default parameters. 
To summarize gene level read counts, we used the featureCounts program from the 
Subread package v2.0.2 (Liao et al., 2014).  
 
Principal component analyses on RNA-seq data 
Using DESeq2 v1.38.0 (Love et al., 2014), low count genes were pre-filtered using a 
cut-off of 10 normalised counts in >75% of the samples, before they were 
normalized with post-filtering library sizes and log2 transformed using the rlog 
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function. Following normalization, we performed Principle Component Analysis 
(PCA) using DEseq2 with the function plotPCA to visualize clustering of the samples 
and to spot individual sample outliers that separated significantly based on size 
factor (reflecting library size and/or RNA composition bias). These samples were 
then removed and the filtering and normalization steps were repeated. Sample 
sizes were therefore different than what we initially started with and included two 
fast and two slow reversal learners for the striatum, four fast and four slow for the 
hippocampus and three fast and two slow for the cerebellum. An overview of the 
final sample selection and the library qualities can be found in Supplementary 
Table 5.1 and 5.2. In order to visualize principal sources of variation in the data, we 
performed a final PCA analysis and visualized the first two principal components 
(PCs) with the DEseq2 function plotPCA, applying the default setting limiting the 
analysis to the top 500 most variable genes. Additional PCs were obtained using the 
prcomp function in R. We also plotted the percent variance explained by each PC. 
We tested for brain region and learning group differences in principal components 
using the correlate PCs functions in pcaExplorer, which computes the significance 
of correlations between PCA scores and the experimental covariates.  
 
Differential gene expression analysis 
Differences in gene expression within each brain region were calculated using 
DESeq2. To control for the false discovery rate due to multiple testing, p-values 
were adjusted using the Benjamini-Hochberg (BH) procedure. Genes were 
considered as statistically differentially expressed if they displayed a 1-fold 
enrichment with adjusted p-values < 0.05. The volcano plots were generated using 
EnhancedVolcano v1.16.0 (Blighe, 2018), boxplots for a subset of the differentially 
expressed genes (DEGs) were prepared using ggplot2 v3.4.0 (Wickham, 2016) and 
a heatmap of differential expression of DEGs across brain regions was prepared 
using pheatmap 1.0.12 (Kolde, 2019).  
 
Correlation between differences in gene expression across brain regions 
To assess to what extent differences in gene expression were correlated across 
brain regions, we plotted the log2Foldchange in one brain region against both other 
brain regions in each pairwise comparison and calculated Pearson correlation 
scores, after trimming the dataset by excluding genes with a change in expression 
(in log2FoldChange) of smaller than 1. 
 
Gene ontology analyses on differential gene expression 
To identify significantly enriched gene ontology (GO) and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) terms, we used clusterProfiler v4.6.0 (Yu et al., 2012) 
to perform Gene Set Enrichment Analysis (GSEA) of GO “Biological Processes” and 
KEGG pathways. GSEA does not require delineation of DEGs from non-differential 
genes. Instead, we ranked the test statistic of all assessed genes to test for 
significantly coordinated shifts in gene pathways, as suggested by (Zyla et al., 
2017). We used the human gene ontology database. Great tit genes were mapped 
to their corresponding human orthologs based on HUGO Gene Nomenclature 
Committee (HGNC) symbol. Genes that could not be assigned to a human gene were 
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excluded, and therefore great tit-specific genes are missing from these analyses. All 
functional category enrichment analyses considered an adjusted p-value < 0.05 
after BH correction to be significant. 
 
Assay for transposase-accessible chromatin using sequencing (ATAC-seq)  
OMNI-ATAC was performed according to an adapted protocol from Corces et al., 
(2017). In short, 0.1% NP-40 was added to the nuclei and samples were centrifuged 
for 15 min at 500 × g at 4 °C. Nuclei were resuspended in 50 µl transposition mix 
(25 µl TD buffer (20 mM Tris-HCl pH 7.6, 10 mM MgCl2, 20% dimethyl formamide 
in MQ), 2.5 µl Tn5 transposase, 16.5 µl PBS, 0.5 µl NP-40 1%, 10% Tween-20 / 
Triton-X, 0.5 µl, 5 µl MQ) and incubated for 30 min at 37 °C while shaking at 1000 
rotations per minute. Samples were purified using Qiagen MinElute PCR 
purification kit (Qiagen 28004) and eluted in 21 µl MQ. Purified DNA was amplified 
with NEBnext High-Fidelity PCR master mix (NEB M0541S) and appropriate 
sequencing adapters for five PCR cycles. Library complexity was determined by 
qPCR on 5 µl of the PCR sample and the number of extra PCR cycles determined 
(Buenrostro et al., 2015). PCR samples were purified using AMPure XP beads 
(Agencount A63881), eluted in 12 µl MQ and sequenced at USEQ on a high-output 
NextSeq500, 1× 75 bp.  
 
We trimmed reads of the Nextera adapter sequences using trim-galore v0.6.6 
(Krueger, 2023). We then mapped trimmed reads to the Parus major reference 
genome (NCBI Assembly Parus_major1.1: GCF_001522545.3) using Bowtie2 v2.4.4 
(Langmead and Salzberg, 2012), with standard parameters and a maximum 
fragment length of 2,000. Samtools v1.12 (Danecek et al., 2021) was then used to 
remove unmapped, low quality (keeping MAPQ ≥ 20), duplicate and mitochondrial 
reads from further analysis. We only continued analysis with samples with fraction 
of reads in peaks (FRiP) scores exceeding the 1% threshold. Sample sizes were 
therefore different than what we initially started with and included two fast and 
two slow reversal learners for the striatum and three fast and three slow reversers 
for the hippocampus. An overview of the final sample selection can be found in 
Supplementary Table 5.3. The mean percentage of unique reads of the final selected 
samples was 77.32%. Accessible regions were defined using MACS2 (Zhang et al., 
2008) on each bam file to call narrow peaks (with options -g 1.00229e9 -q 0.01). 
Identified open chromatin regions were extended to a minimum size of 1000 bp 
(peak center ± 500 bp). Lists of open chromatin regions per brain region were 
obtained by merging the identified regions of the individuals per tissue, with 
regions overlapping at least 1 bp being stitched together, to construct a ‘consensus’ 
set of open chromatin regions. This resulted in 89,385 peaks for neuronal nuclei 
from the striatum and 104,635 peaks for neuronal nuclei from the hippocampus. 
For each sample, we then counted the number of reads overlapping each of the 
‘consensus’ peaks using the coverageBed function in the BEDtools package v2.24.0 
(Quinlan and Hall, 2010).  
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Principal component analyses on ATAC-seq data 
Using DESeq2 v1.38.0 (Love et al., 2014), read counts were normalized with post-
filtering library sizes and log2 transformed using the rlog function. Following 
normalization, we performed Principle Component Analysis (PCA) using the 
DEseq2 function plotPCA to visualize clustering of the samples and spot individual 
sample outliers. In order to visualize principal sources of variation in the data, we 
performed a final PCA analysis and visualized the first two principal components 
(PCs) with the DEseq2 function plotPCA, applying the default setting limiting the 
analysis to the top 500 most variable peaks. Additional PCs were obtained using the 
prcomp function in R. We also plotted the percent variance explained by each PC. 
We tested for brain region and learning group differences in principal components 
using the correlate PCs functions in pcaExplorer, which computes the significance 
of correlations between PCA scores and the experimental covariates.  
 
Differential chromatin accessibility analysis 
Phenotype-specific accessible regions within each brain region were calculated 
using DESeq2. ATAC-seq peaks were considered differentially accessible regions 
(DARs) if they displayed a 1-fold enrichment with an Benjamini-Hochberg adjusted 
p-value <0.05. Volcano plots were generated using EnhancedVolcano v1.16.0 
(Blighe, 2018). 
 
Association of chromatin accessibility with gene expression 
We used annotatePeak from the ChIPseeker package v1.34.0 (Wang et al., 2022) to 
annotate ATAC-seq peaks to genomic regions, following the priority order: 
Promoter (1,000 bp upstream to 1,000 bp downstream of the annotated 
transcription starting position), 5’UTR, 3’UTR, Exon, Intron, Downstream (the 
downstream of gene end) and Intergenic. Peaks were assigned to the nearest gene 
based on Parus major genome assembly. In order to evaluate the association 
between differential chromatin accessibility and differences in gene expression, we 
plotted the difference in gene expression (in log2Foldchange ) against 
log2Foldchange in chromatin accessibility and calculated Pearson correlation 
scores, after trimming the dataset by excluding regions with a change in 
accessibility (log2Foldchange) < 0.5 and genes with a change in expression 
(log2Foldchange) < 0.5. To understand the effect of the genomic location on the 
relationship between differential chromatin accessibility and gene expression, we 
differentiated between genomic locations. Furthermore, we divided each plot in 
four quadrants of association: higher accessibility and gene expression in fast 
learners (NE), higher accessibility and lower gene expression in fast learners (NW), 
higher accessibility and gene expression in slow learners (SW) higher accessibility 
and lower gene expression in slow learners (SE). As the NE and SW quadrant would 
relate to changes in the predicted directions (based on the expectation that 
accessibility and expression are positively correlated), we tested whether the 
number of accessible regions in the NE and SW quadrant significantly exceeded the 
total number of accessible regions using binomial tests for each genomic region. 
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Gene ontology analyses on differentially accessible regions 
Gene ontology analysis was performed using clusterProfiler v4.6.0 (Yu et al., 2012) 
to perform Over Representation Analysis (ORA) of GO pathways on genes that 
contained DARs. Additionally, we performed ORA to determine which biological 
functions were enriched in genes in the NE and SW quadrants for each genomic 
region. We used the human gene ontology database. Great tit genes were mapped 
to their corresponding human orthologs based on HUGO Gene Nomenclature 
Committee (HGNC) symbol. Genes that could not be assigned to a human gene were 
excluded, and therefore great tit-specific genes are missing from these analyses. All 
functional category enrichment analyses considered an adjusted p-value < 0.05 
after BH correction to be significant. 
 
Enzymatic Methyl-sequencing (EM-seq)  
We assessed genome-wide DNA methylation levels of bulk striatal tissue using EM-
seq. We extracted DNA from tissue powder (as described under Nuclei isolation) 
using the MagAttract HMW DNA Kit (Qiagen) according to manufacturer’s protocol. 
Sample libraries were prepared by Roy J. Carver Biotechnology Centre, University 
of Illinois at Urbana-Champaign with the NEBNext Enzymatic Methyl-seq Kit 
(Vaisvila et al., 2021). The libraries were pooled, quantitated by qPCR and paired-
end sequenced on an Illumina NovaSeq 6000 (Modi et al., 2021) in two SP lanes 
with 2x150nt reads.  
 
Demultiplexing, quality control and trimming  
Raw reads were demultiplexed with Illumina’s bcl2fastq v2.20 Conversion 
Software (RRID: SCR_015058), and adapters and short reads (<20 bp) were 
removed. An additional three bp were removed from the 5’ end of the forward and 
reverse reads. Quality improvement of the reads was verified by FastQC v0.11.9 
(Andrews, 2010), FastQ-Screen v0.15.0 (Wingett, 2022) and MultiQC v1.11 (Ewels 
et al., 2016). An overview of reads and mapping efficiency is provided in 
Supplementary Table 5.4. 
 
Alignment and methylation calling 
Bismark v0.22.3 (Krueger and Andrews, 2011) was used to align the trimmed reads 
to the Parus major reference genome (Ensembl Assembly Parus_major1.1: 
GCA_001522545.2) and to call methylation. We aligned the reads in paired-end 
mode. Methylation calling was also done using Bismark in paired-end mode and 
overlap between read pairs was using the -no overlap option to prevent double 
scoring or overlapping methylation calls. Methylation was called in CpG context. 
 
Filtering of methylation calls 
The R package methylKit v1.16.1 (Akalin et al., 2012) was used to read the datafiles 
into Rstudio, to merge complementary CpG dinucleotides. Next, CpG sites (CpGs) 
with a low coverage (<10x), a mean methylation level (the number of methylated 
Cs divided by the coverage of that site) of lower than 5% or higher than 95% and 
very high coverage (> 99.9th percentile) were removed, in that order. This resulted 

Chapter 5



131 

in a total of 6.035.888 CpGs out of 15.116.607 that remained after filtering 
(Supplementary Table 5.5).  
 
Differential methylation analysis 
To check for outliers, we generated a correlation matrix using the getCorrelation 
function, performed hierarchical cluster analysis using the clusterSamples function,  
and conducted a principal component analysis (PCA) the default settings of the 
PCASamples function in methylKit (Supplementary Figure 5.5a-d). To test for 
differentially methylated sites (DMS) between fast and slow reversal learning 
individuals, we conducted a differential methylation analysis, using the 
calculateDiffMeth function in methylKit. We considered a site significantly 
differentially methylated when the difference in methylation between groups> 
25% and a padj value < 0.05. 
 
Gene annotation  
Using USCS’ gff3toGenePred and GenePredtoBed command-line applications, 
Ensembl’s great tit GFF3 genome annotation file was converted to BED format. This 
was used as input for genomation’s readTranscriptFeatures function to create a 
gene annotation object. The gene annotation object was used as input for 
genomation’s annotateWithGeneParts, getAssociationWithTSS and getMembers 
functions function to annotate the overlap of CpGs to genomic regions (TSS (300 bp 
upstream - 50 bp downstream of the annotated transcription start site), promoter 
region (2000 bp upstream - 200 bp downstream of the annotated transcription 
start site) and gene body (exons and introns).  
 
Association of gene body methylation with gene expression and chromatin 
accessibility 
We used pheatmap 1.0.12 (Kolde, 2019) to create a heatmap to display the average 
methylation difference for CpG sites located with the TSS region of each DEG, as 
well as the average log2Foldchange of the peaks located within the promoter of 
each respective DEG. In addition, we created a heatmap to display the average 
methylation difference for CpG sites located within DARs. 
 
In order to evaluate the association between differential gene expression and 
differential methylation we calculated Pearson correlation scores. We trimmed the 
dataset by excluding CpG sites with a methylation difference <25% and genes with 
a change in expression (log2Foldchange) <1. To understand the effect of the 
genomic location on the relationship between differential chromatin accessibility 
and gene expression, we differentiated between TSS region, promoter region and 
gene body. Furthermore, we divided each plot into four quadrants of association: 
hypomethylation and higher gene expression in slow learners (NE), 
hypomethylation and lower gene expression in slow learners (SE), 
hypomethylation and higher gene expression in fast learners (SW), and 
hypomethylation and lower gene expression in fast learners (NW). As the NE and 
SW quadrant would relate to changes in the predicted directions (based on the 
expectation that DNA methylation and gene expression are negatively correlated), 
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we tested whether the number of observations in the NE and SW quadrants 
significantly exceeded the total number of methylation-gene associations using 
binomial tests, for each genomic region.  
 
Gene ontology analyses on differentially methylated sites 
We performed ORA analysis on the DMS to explore which functional groups (GO 
terms) are over-represented in fast and slow reversal learners and possibly linked 
to reversal learning performance. GO analysis was performed using ClusterProfiler 
as described above. We used human gene ontologies with three background gene 
set lists, which were all the genes covered by filtered CpG sites (14832 genes), 
promoter regions covered by CpG sites (13562 genes) and TSS regions covered by 
CpG sites (7385 genes).  

Results		
Brain region specific differences in gene expression between fast and slow 
reversal learning individuals  
A PCA analysis showed that gene expression data from striatal neurons, 
hippocampal neurons and cerebellar bulk nuclei clustered the samples strongly by 
brain region for PC1 (p = 0.006) and PC2 (p=0.001), but not by reversal learning 
performance (Supplementary Figure 5.2). Also, in PCA analyses for each brain 
region separately we found no significant clustering of reversal learning types 
(Supplementary Figure 5.3), indicating no global gene expression differences 
between fast and slow reversal learning types. In a differential gene expression 
analysis, we found more subtle differences between fast and slow reversal learners. 
Three transcripts in striatum, three in hippocampus, and four in the cerebellum 
were differentially expressed between the reversal learning types (Figure 5.1).  
 

 
Figure 5.1 Gene expression differences in three brain regions of fast and slow reversal 
learning great tits. Volcano plots highlighting the genes that are differentially expressed between 
fast and slow reversal learning great tits in three brain regions, where the cut-off for significance 
(red dots beyond the dashed lines) is p < 0.05 with false-discovery rate correction and a log-fold 
change of one or greater. (a) Striatum, (b) Hippocampus, (c) Cerebellum 
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In the striatum, expression of USP5 (log2FC = -4.71, adjusted p-value = 0.020) and 
PKD2L1 (log2FC = -5.34, adjusted p-value = 0.002) was upregulated in fast learning 
individuals, whereas ENSPMJG00000015246, which overlaps the gene VWA3B 
(log2FC = 4.45, adjusted p-value = 0.002), was upregulated in slow learning 
individuals (Figure 5.2a). In the hippocampus, MLC1 was upregulated (log2FC = -
1.02, adjusted p-value = 0.04) and two novel genes downregulated in fast compared 
to slow learning individuals; one long non-coding RNA (LncRNA; 
ENSPMJG00000013724: log2FC = 2.15, adjusted p-value < 0.001); and 
ENSPMJG00000013908, which overlaps the gene FANCM: log2FC = 2.08, adjusted 
p-value = 0.04) (Figure 5.2b). In the cerebellum, the four DEGs were all upregulated 
in slow learners: IDUA (log2FC = 1.66, adjusted p-value = 0.03), ALDH1A3 (log2FC 
= 1.97, adjusted p-value = 0.035), FOXC2 (log2FC = 2.29, adjusted p-value = 0.01) 
and a transcript (ENSPMJG00000000917) that overlaps the keratin, type I 
cytoskeletal 14 gene (NCBI LOC107215137; log2FC = 3.57, adjusted p-value < 0.001; 
Figure 5.2c). 
 

 
Figure 5.2 Differentially expressed genes between fast and slow reversal learning great tits 
in three brain regions. Shown as boxplots, with rectangles as the lower and upper quartiles (with 
the median as the line) and whiskers that indicate the maximum and minimum values. (a) Striatum, 
(b) Hippocampus, (c) Cerebellum. Blue = higher expressed in fast reversers, orange = higher 
expressed in slow reversers. (d) A heatmap shows log fold change of differentially expressed genes 
across all brain regions.  
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There was no overlap in DEGs across the brain regions (Figure 5.2d) indicating 
brain region-specific differences between reversal learning types. Nonetheless, 
gene expression differences between slow and fast reversal learners showed 
correlations across the three brain regions. Expression differences in the striatum 
were positively correlated with expression differences in the hippocampus (r = 
0.25, p < 0.001, Figure 5.3a), but negatively correlated with expression differences 
in the cerebellum (r = -0.25, p < 0.001, Figure 5.3b). Similarly, gene expression 
differences in the hippocampus neurons were negatively correlated with 
expression differences in the cerebellum (r = -0.19, p < 0.0001, Figure 5.3c). This 
suggests opposite involvement of genes in the hippocampus and striatum with the 
cerebellum.  
 

 
Figure 5.3 Relationship between differences in gene expression between fast and slow 
reversal learners across brain regions. Pearson correlation of differences in gene expression 
(log2Foldchange >1) in (a) striatum versus hippocampus, (b) striatum versus cerebellum and (c) 
hippocampus versus cerebellum. Genes with adjusted p-value < 0.05 are depicted in red. R and p 
values are based on Pearson correlation, line is the regression line. 
 
Gene ontology analyses of differentially expressed genes 
To gain insight into the biological relevance of reversal learning-related 
transcriptional profiles from the different tissues, we performed Gene Set 
Enrichment Analysis (GSEA) to test for significantly enriched GO and KEGG terms. 
Enriched terms were rather different across brain regions (summarized in Figure 
5.4; top 30 GO and KEGG terms are reported in Supplementary Tables 5.13-16). 
Significant terms unique to the striatum and upregulated in fast learners (102 
terms in total) were GO terms related to axon development, neuron differentiation 
and glutamate signalling, upregulated in slow learners (12 terms) were GO terms 
related to lipid metabolism. The striatum KEGG terms were related to 
glutamatergic synapse and neurodegeneration in fast learners and cholesterol 
metabolism in slow learners. Unique GO terms to the hippocampus and 
upregulated in fast learners (2 terms in total) were fatty acid and monocarboxylic  
acid metabolic process, and the KEGG term spliceosome, GABAergic synaptic 
transmission was uniquely upregulated in the hippocampus slow learners (3 terms 
in total). Unique to the cerebellum of fast learners (53 terms in total) were GO 
enrichments related to axoneme assembly and sensory perception, and KEGG 
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terms neuroactive ligand-receptor interaction and starch and sucrose metabolism. 
Unique to slow learners (31 terms in total) were GO enrichments related to mRNA 
processing and ATP synthesis and KEGG enrichments related to ribosome, 
oxidative phosphorylation and Parkinson disease. The striatum and hippocampus 
overlapped in two terms related to synaptic signalling, though the direction of 
change is opposite. The striatum and cerebellum overlapped in GO terms related to 
RNA splicing, cilium assembly and cell projection assembly, as well as KEGG term 
prion disease, both with an opposite direction of change. There was no overlap in 
GO or KEGG enrichments between hippocampus and cerebellum.  
 

 
Figure 5.4 Gene-set enrichment analysis of differential expression between fast and slow 
reversers (a) Enriched GO terms (biological process) and (b) KEGG terms in the transcriptome of 
striatum, hippocampus and cerebellum of fast and slow reversal learning great tits. Gene ratio (dot 
size) represents percentage of core enrichment genes in the given term, and significance (colours) 
is based on Benjamini-Hochberg adjusted p-values (FDR). 
 
Brain region-specific differences in chromatin accessibility between fast and 
slow reversal learning individuals  
A PCA analysis showed that PC1 explained 49% and 54%, and PC2 explained 32% 
and 14% of the variation in chromatic openness respectively for striatum and 
hippocampus, but we found no clustering among reversal learning types 
(Supplementary Figure 5.4). Most called peaks fall within distal intergenic, introns 
and promoter regions. These patterns were very comparable between 
hippocampus and striatum. (Figure 5.6a and Figure 5.7a, Supplementary Table 5.7 
and 5.8). In both brain regions, we evaluated each of the open chromatin regions 

Molecular and epigenetic mechanisms underlying individual differences in cognitive flexibility in a songbird

Ch
ap

te
r 

5



136 

for differences in accessibility between phenotypes. In the striatum, 14 chromatin 
regions were differentially accessible between fast and slow reversing individuals 
(Figure 5.5a, Supplementary Table 5.6). We found no significant differences 
between fast and slow reversing individuals in chromatin accessibility in the 
neurons of the hippocampus (Figure 5.5b).  
 
To examine the function of the 14 DARs in the striatum, we related them to the 
nearest annotated gene in order to identify biological functions associated with the 
open chromatin regions. Two regions fell into an intron; one in lysine demethylase 
4C (KDM4C), and one in secreted phosphoprotein 2 (SPP2). The other 11 regions 
fall into distant intergenic regions, which we annotated to the nearest gene: DHX35, 
GALNT9, NT5E, FCHO2, CHMP2B and several LOC genes of which two partially 
overlap a gene (LOC117244170 overlaps DUSP10, LOC107202428 overlaps 
TMEM18), three overlap a lncRNA (LOC117244115, LOC107201404, 
LOC107209066) and one does not overlap any known gene (LOC117245467). 
Performing over-representation GO analyses on the total set of 14 genes with DARs 
in the striatum, did not result in any significantly enriched GO terms. Furthermore, 
there was no overlap between genes that contain differentially accessible regions 
and DEGs.  
 

 
Figure 5.5 Chromatin accessibility differences in the striatum and hippocampus of fast and 
slow reversal learning great tits. Volcano plots highlighting regions that are differentially 
accessible between fast and slow reversal learning great tits, where the cut-off for significance (red 
dots beyond the dashed lines) is p < 0.05 with false-discovery rate correction and a log-fold change 
of one or greater. (a) Striatum, (b) Hippocampus. 
 
Associations between differences in chromatin accessibility and gene 
expression in striatum and hippocampus 
To evaluate the impact of phenotype-specific chromatin accessibility on gene 
regulation, we examined the correlation between gene expression and open 
chromatin regions on a global level as well as at each genomic functional region 
(Figure 5.6 and Figure 5.7 for respectively striatum and hippocampus). We 
distinguished between open chromatin regions mapped to different functional 
elements such as gene bodies, promoters, and distal regulatory elements.  
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For striatum, we observed a low but significant positive correlation between 
differential gene expression and chromatin accessibility when we combined data 
from all functional regions (r = 0.096, p = 0.023; Figure 5.6b), with significantly 
more points falling into the two quartiles (NE and SW) with a positive relationship 
between gene expression and accessibility (Supplementary Table 5.9). When 
including only promoter regions, we found a trend for a positive correlation at the 
promoter region (r = 0.35, p = 0.062; Figure 5.6c), but not significantly more 
associations fall in to the expected quartiles. The same pattern is visible for DARs 
of the intron region (r = 0.14, p = 0.047; Figure 5.6d), with significantly more 
regions falling into the expected quartiles. In contrast, there is no evidence that 
these patterns are present for the DARs that were present in distal intergenic 
regions, exons, 5 ‘UTR or 3’ UTRs (Supplementary Table 5.9).  
 
No terms were enriched when restricting GO analysis on the striatal neuronal genes 
that were in the expected quartiles (NE and SW), when including all functional 
regions. When focusing on the promoter regions, we find eight significantly 
enriched terms, all related to neurotransmitter receptor activity (Supplementary 
Table 5.17). For genes that were in the expected quadrants of the intron regions, 
we found one enriched term, muscle structure development (Supplementary Table 
5.17). For hippocampus, we find no evidence for any correlation between 
chromatin accessibility and gene expression (Figure 5.7b-e, Supplementary Table 
5.10).  
 

 
Figure 5.6 Relationship between differential chromatin accessibility and gene expression in 
striatum. a) Bar plot representing the fraction of accessible regions assigned to each genomic 
region b-e) Pearson correlation of differences in gene expression (log2Foldchange >0.5) and 
chromatin accessibility (log2Foldchange >0.5) in the striatum for the indicated genomic regions 
(Promoter; Intron; Distal Intergenic). Each plot is divided into four quadrants corresponding to 
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distinct functional groups of DARs. The NE and SW quadrants represented slow- and fast-specific 
DARs, respectively, associated with high expression. By contrast, the SE and NW quadrants 
comprised slow- and fast -specific DARs, respectively, associated with low expression. Note the 
different x and y axis in frames b and e versus c and d. 
 

 
Figure 5.7 Relationship between differential chromatin accessibility and gene expression in 
hippocampus. a) Bar plot representing the fraction of accessible regions assigned to each genomic 
region b-e) Pearson correlation of differences in gene expression (log2Foldchange >0.5) and 
chromatin accessibility (log2Foldchange >0.5) in the striatum for the indicated genomic regions 
(Promoter; Intron; Distal Intergenic). Each plot is divided into four quadrants corresponding to 
distinct functional groups of DARs. The NE and SW quadrants represented slow- and fast-specific 
DARs, respectively, associated with high expression. By contrast, the SE and NW quadrants 
comprised slow- and fast -specific DARs, respectively, associated with low expression. Note the 
different x and y axis in frames b and e versus c and d. 
 
DNA methylation 
To evaluate how DNA methylation variation associates with gene expression, we 
identified reversal learning phenotype-specific CpG site methylation of bulk striatal 
tissue. A PCA analysis of methylation information revealed that PC1 explained 37% 
of the variance, PC2 33% and PC3 30%, but samples did not cluster strongly by 
reversal learning type (Supplementary Figure 5.5). Regardless of the lack of a global 
methylation difference between the reversal learning types, 4.551 of the 2,816,097 
CpG sites that we covered in this dataset showed a significant difference in DNA 
methylation between fast and slow reversing individuals. Of these, 133 CpG sites 
were situated near the promoter, of which 15 CpG sites were situated near the 
transcription start site of a gene, these are reported in Supplementary Table 5.12.  
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Figure 5.8 DNA methylation differences in the striatum and hippocampus of fast and slow 
reversal learning great tits. Volcano plot highlighting the CpG sites that are differentially 
methylated between fast and slow reversal learning great tits in the striatum, where the cut-off for 
significance is p < 0.05 with false-discovery rate correction and a methylation difference of 25 or 
greater. Blue = hypermethylated in fast versus slow reversers. Orange = hypermethylated in slow 
versus fast reversers. 
 

 
Figure 5.9 Over representation analysis of GO terms enriched in genes related to 
differentially methylated sites. Top 10 GO terms (biological process) are shown for genes related 
to CpG sites that are hypermethylated in (a) fast reversers and (b) slow reversers. Colours indicate 
p-values (Benjamini–Hochberg-corrected) and dot size corresponds to gene ratio. 
 
Gene ontology analyses of differentially methylated sites 
The differentially methylated sites (DMS) covered in total 2925 unique great tit 
genes. Using the human gene ontology (GO) database, we found 252 
(hypermethylated in fast reversers) and 140 (hypermethylated in slow reversers) 
significantly enriched GO terms that associated with the genes carrying DMS 
between fast and slow reversal learning individuals. We found many terms that 
potentially have a role in neural system functioning. These included the GO terms; 
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‘axon guidance’, ‘neuron projection guidance’, and ‘cell morphogenesis involved in 
neuron differentiation’ (Figure 5.9, Supplementary Tables 5.18 and 5.19). 
Performing GO analyses on sets of genes where DMS were located in the promoter 
(132 unique genes) or the TSS region (15 unique genes) did not result in any 
significantly enriched GO terms. 
 
Associations between differences in methylation, gene expression and 
chromatin accessibility in striatum 
We find no overlap with DEGs and DMSs or DARs between fast and slow reversal 
learners. Of the DEGs in the striatum, we see that TSS methylation differences and 
promoter accessibility differences are small and not significant. For USP5 we do not 
have data on TSS methylation and for VWA3B we do not have data on promoter 
accessibility (Figure 5.10a). We also find no overlap with DARs and differentially 
methylated sites between fast and slow reversal learners, but the average 
methylation difference of DARs mostly follows the expected pattern of lower 
methylation in regions with higher accessibility (Figure 5.10b).  
 

	
Figure 5.10 Relationship between gene expression, DNA methylation and chromatin 
accessibility a) Heatmap indicating the log2Foldchange estimates of striatal DEGs between fast 
and slow reversal learners, the average methylation difference for CpG sites located with the TSS 
region of each respective DEG, and the average log2Foldchange of the peaks located within the 
promoter of each respective DEG. b) Heatmap indicating the 2Foldchange estimates of striatal DARs 
between fast and slow reversal learners (negative sign indicates higher accessibility in fast), and the 
average methylation difference for CpG sites located within that region (negative sign indicates 
hypomethylated in fast).  
 
We tested the association between differential gene expression in neuronal striatal 
nuclei between the reversal learning types and CpG site methylation differences in 
(bulk) striatal nuclei between the reversal learning types. When including CpG sites 
from all genomic regions, associations between differential gene expression and 
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differential DNA methylation differences were mostly randomly distributed across 
all four quadrants (r=0.05, p <0.001 (pearson), p = 0.012 (binomial), Figure 5.11, 
Supplementary Table 5.11). For CpGs situated in promoters and TSS, we observed 
significant relations between differential gene expression and differences in DNA 
methylation (Promoter: r = 0.12, p = 0.0018 (pearson), p = 0.002 (binomial); TSS: r 
= 0.26, p = 0.012 (pearson), p = 0.055 (binomial), Figure 5.11, Supplementary Table 
5.11), with significantly more points falling into the two expected quartiles (NE and 
SW), indicating that specifically promotor/TSS methylation seems important for 
epigenetic regulation of differentially expressed genes between the reversal 
learning types. 

 
Figure 5.11 Relationship between differential DNA methylation and gene expression in 
striatum Differences in gene expression (log2Foldchange >1) in relation to differences in DNA 
methylation (methylation difference >25%) in the striatum between fast and slow reversers. Plot is 
divided into four quadrants corresponding to distinct associations between DNA methylation and 
gene expression. The SW quadrants represents higher gene expression and hypomethylation in fast 
learners, the NE quadrant represents higher gene expression and hypomethylation in slow learners. 
TSS = transcription start site.  

Discussion		
Gene regulatory mechanisms are critically involved in individual differences in 
cognitive abilities and here we explored to what extent differences in reversal 
learning performance are explained by brain region-specific individual differences 
in gene expression and underlying epigenetic regulatory mechanisms. We 
compared gene expression of neuronal nuclei from the striatum and hippocampus, 
and bulk cerebellar nuclei, of fast versus slow reversal learners. Our findings 
indicate that all regions have a function in reversal learning, but that these 
functions vary between region and are regulated differently within each region. In 
the striatum, but not in the hippocampus, differences in gene expression are 
partially explained by chromatin accessibility. Furthermore, promoter DNA 
methylation explained differences in striatal gene expression. The results of this 
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study therefore give a first glimpse of brain-region specific involvement of 
epigenetic mechanisms in individual differences in reversal learning performance.  
 
The striatum, hippocampus and cerebellum each have a different function in 
relation to reversal learning ability. Accordingly, we found unique sets of 
differentially expressed genes for each brain region. The striatum is known to play 
an important role in feedback-driven learning (Schultz, 2006), including rapidly 
shifting feedback as occurs in reversal learning assays (Cools et al., 2002; Klanker 
et al., 2015). Ubiquitin-specific peptidase 5 (USP5) was upregulated in the striatum 
of fast learning individuals. This gene encodes a protein that controls ubiquitin 
levels. The ubiquitin-proteasome system enables rapid protein changes, and as 
such, ubiquitin-dependent remodelling of the synaptic proteome is an important 
process for synaptic plasticity and memory storage (Mabb and Ehlers, 2010), and 
downregulation of this system is involved in the pathogenesis of 
neurodegenerative diseases (Hol et al., 2005). The polycystic kidney disease-like 
ion channel (PKD2L1) was likewise overexpressed in the striatum of fast reversal 
learners. This gene contributes to sour taste responses in mice (Horio et al., 2010) 
and is up-regulated in rats with high emotional reactivity in comparison to less 
emotional rats (Sabariego et al., 2013). The VWA domain-containing protein 3B 
(VWA3B), which is overexpressed in slow reversal learners, is likely involved in the 
apoptotic signalling pathway in neuronal cells (Kawarai et al., 2016). Gene set 
enrichment analysis revealed upregulation of genes involved in axon development, 
synaptic signalling and neurogenesis in fast compared to slow individuals in the 
striatum as well as the KEGG categories cardiac muscle contraction, glutamatergic 
synapse, circadian entrainment and pathways of neurodegeneration. Very similar 
functions were found to be enriched in genes that were differentially expressed 
following a learning task in the striatum of mice, confirming their relevance in 
striatal functioning (Lousada et al., 2023). Indeed, the avian striatum receives 
glutamatergic projections from the pallium, glutamate receptors are involved in 
reward and extinction learning (Gao et al., 2019) and glutamatergic 
neurotransmission in the striatum is crucial for reversal learning performance (Liu 
et al., 2020). In slow reversal learners, genes involved in triglyceride metabolic 
processes were upregulated in the striatum. Dietary triglycerides moderate 
dopamine-dependent food-seeking and reward-associated behaviours through 
dopamine receptor type 2-expressing neurons (Berland et al., 2020). Differences in 
circulating triglycerides can lead to differences in reward sensitivity, possibly 
explaining why differential expression of genes related to triglyceride metabolism 
are linked to differences in reversal learning performance. 
 
The avian hippocampus functions in spatial learning and navigation (Colombo and 
Broadbent, 2000; Mayer et al., 2013), stimulus-response learning (Herold et al., 
2022) and emotional behaviour and stress response (Smulders, 2017). 
Neurogenesis is a significant feature of avian hippocampal-dependent cognitive 
processes (Barnea and Pravosudov, 2011; Herold et al., 2019). In line with this, we 
found that the gene Fanconi anemia complementation group M (FANCM) was 
upregulated in slow learning individuals. The Fanconi DNA repair pathway plays a 
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role during neurogenesis and is important for survival and maintenance of neural 
progenitor cells, which give rise to glia and neurons (Sii-Felice et al., 2008). MLC1 
was upregulated in fast compared to slow learning individuals, a gene that is 
predominantly expressed in astrocytes (Teijido et al., 2007) and predicts dementia 
status (Simon et al., 2018). Few GO or KEGG terms were significantly enriched in 
the hippocampus, but several signalling-related GO terms were upregulated is slow 
learners. Although the hippocampus plays a crucial role in spatial navigation, it is, 
at least in mammals, likely less crucial for shifting behavioural strategies (Regier et 
al., 2015; Seib et al., 2020). In a spatial navigation task with shifting reward 
contingencies, activity of hippocampal neuron mostly reflect the searching process, 
whereas striatal neurons more specifically respond to the change of contingency 
(Regier et al., 2015). A limited contribution of hippocampal functioning to reversal 
learning ability could explain the relatively small effect sizes and limited 
enrichment of pathways compared to the striatum.  
 
Like striatal neurons, cerebellar neurons also play a role in the processing of 
rewards and encode prediction errors (Wagner et al., 2017; Pierce and Péron, 
2022). Therefore, it was surprising to find contrasting patterns of differential gene 
expression and involved pathways across the striatum and cerebellum. The gene 
ALDH1A3 is overexpressed in slow reversal learners and encodes an aldehyde 
dehydrogenase enzyme, which oxidizes retinal to retinoic acid. Retinoic acid plays 
a regulatory role in nervous system development including the cerebellum 
(Durston et al., 1989; Matsumoto et al., 1998; Parenti and Cicirata, 2004). Also, 
Alpha-L-iduronidase (IDUA) is overexpressed in slow individuals and encodes an 
enzyme that is required for the degradation of glycosaminoglycans, which play a 
crucial role in the cell signalling process, including regulation of cell growth and 
proliferation. Long-term memory for aversive training is impaired in mice with 
targeted disruption of IDUA due to neuronal deficits (Reolon et al., 2006). 
Enrichment analysis showed that genes that are upregulated in slow compared to 
fast learning individuals in the cerebellum are involved in ribosomal functions like 
RNA splicing, mRNA metabolism as well as ATP synthesis and oxidative 
phosphorylation. Defective mitochondrial oxidative phosphorylation causes 
malfunctioning energy production, metabolism and amino acid biosynthesis 
leading to neuronal cell death, which happens in neurodegenerative disorders such 
as Alzheimer’s, Parkinson’s, and Huntington’s diseases (Lin and Beal, 2006; 
Sharanek and Jahani-Asl, 2022). Considering the high energetic costs of information 
processing in the cerebellum (De Zeeuw et al., 2011; De Zeeuw, 2021), and given 
the energetic costs that come with associated learning and memory performance 
(Laughlin, 2001), individual differences in cerebellar energy metabolism may 
underlie individual differences in reversal learning performance. Uniquely 
upregulated in the cerebellum of fast learning individuals are genes related to the 
KEGG term “neuroactive ligand-receptor interaction”. The neuroactive ligand 
receptor interaction pathway is made up of mainly neuroreceptor genes and is 
involved in environmental information processing (Lauss et al., 2007). When 
comparing differentially enriched terms found in the cerebellum with the striatum, 
categories related to cilium functioning and cell projection assembly show opposite 
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enrichment patterns, suggesting opposing roles of intracellular cilia in reversal 
learning performance across the two brain regions. In the striatum, the length of 
primary cilia is dependent on the extent of dopaminergic inputs (Miyoshi et al., 
2014) and cilia are essential for establishing synaptic connectivity in striatal 
interneurons (Guo et al., 2017). Knock-out of cilia function also causes degenerative 
changes to cerebellar Purkinje cells (Bowie and Goetz, 2020). Perhaps upregulation 
of these pathways in the striatum in slow learners causes stronger stimulus-reward 
memories to be formed which are more difficult to reverse (Aljadeff and Lotem, 
2021), whereas upregulation of these pathways in the cerebellum of fast learners 
ascertain proper normal cerebellar error sensitivity. It could also be that these 
opposite patterns are due to the fact that we used bulk cerebellar nuclei, but 
neuronal striatal nuclei. Perhaps these processes have opposing roles in neuronal 
versus non-neuronal cells in relation to reversal learning performance. Whether 
this means an opposite requirement of these pathways in different brain regions in 
relation to the reversal learning process, or whether this differences is caused by 
the more heterogenous cell population from bulk cerebellar nuclei remains to be 
studied. 
 
To summarize, we found that each great tit brain region has its own unique set of 
differentially expressed genes when comparing slow and fast reversal learners. We 
saw the largest expression differences between the types in the striatum, with 
enrichment of pathways required for neuronal signalling and the processing of 
rewards. This suggest that the striatum is a promising brain region for further study 
on the neural mechanisms of cognitive flexibility in great tits. In the cerebellum we 
found an enrichment of pathways related to oxidative phosphorylation and 
mitochondrial ribosomes. The expression differences between fast and slow 
learners in the hippocampus showed correlated expression with differences in the 
striatum, pointing to correlated functional differences in the great tit. The striatum 
receives projections from the hippocampus (Atoji et al., 2002; Husband and 
Shimizu, 2011), possibly explaining the positive correlation in direction of gene 
expression. The lack of overlap in differentially expressed genes between these 
tissues despite the positive correlation in fold change, suggests that the limited 
number of differentially expressed genes is perhaps due to a lack of power that 
could potentially be resolved by deeper sequencing depth, more individuals, or 
stronger phenotypic differences.  
 
In the striatum, we found a positive correlation between gene expression 
differences between fast and slow reversal learners, and differential chromatin 
accessibility, especially when focusing on promoter and intronic regions. This 
means that genes associated with chromatin opening are more likely to be 
upregulated, and vice versa, in relation to reversal learning performance. We found 
fourteen differentially accessible peaks, which all resided in intronic and intergenic 
genomic regions, rather than promoter regions, consistent with the functional 
significance of distal regulatory elements for gene expression (Corces et al., 2018; 
Sigalova et al., 2020). Restricting gene ontology analysis to genes that show 
concordant patterns of gene expression and open chromatin in promoter regions 
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revealed eight striatum-relevant molecular functions such as postsynaptic 
membrane potential and neurotransmitter receptor activity to be enriched, 
suggesting that genes in pathways relevant to the function of the striatum in a 
reversal learning task are potentially regulated by differential chromatin 
accessibility of the promoter. On the contrary, we found little variation in chromatin 
accessibility between fast and slow reversal learners in hippocampal neurons and 
likely consequently, no evidence for a correlation between chromatin accessibility 
and gene expression. The small differences in gene expression in the hippocampus 
that we observed are thus not explained by chromatin accessibility. This is 
surprising, as there is ample evidence that modified chromatin accessibility 
underlies the gene expression changes that occur in the hippocampus following 
neuronal activation (Su et al., 2017; Fernandez-Albert et al., 2019).  
 
When focussing on differentially expressed genes only, we did not observe a 
significant differential accessibility or no significant differential expression when 
focussing on the genes that contained a differentially accessible region. Differential 
gene expression can be induced by a variety of mechanisms, and differentially 
accessible peaks might have an effect on other genes than those of which they are 
closest to, explaining the discrepancy between the ATAC-seq and RNA-seq results 
in this analysis. Although accessibility of gene regulatory regions, such as 
promoters and distal enhancers, has transcriptional impact, also inactive 
promoters and enhancers can be open (Klemm et al., 2019). Such ‘poised’ regions 
require additional regulatory manipulations to affect gene expression. Distal 
intergenic and intronic genomic regions harbour elements such as active cis-
regulatory enhancers, which can be located very distant from the TSS of the gene 
they control (Perenthaler et al., 2019). Indeed, whereas we see a significant 
relationship between differential chromatin accessibility of promoter regions and 
gene expression, most of the differentially accessible peaks reside in distal 
intergenic regions. Enhancers can be located in other genes, and can also regulate 
multiple genes, explaining why the association between chromatin accessibility in 
these regions is less predictive of the accessibility of its nearest gene. Altogether, 
our results suggest that although, at least in the striatum, differential chromatin 
accessibility partially explains the variation in gene expression patterns that 
correlate with reversal learning performance, chromatin accessibility alone does 
not explain the majority of the variation in gene expression and that likely other 
regulatory mechanisms are also at play.  
 
When considering the genes that harboured a differentially accessible peak in the 
striatum, no gene ontology term was enriched. An intronic region of the gene Lysine 
Demethylase 4C (KDM4C) showed significantly higher chromatin accessibility in 
slow reversal learners. This gene encodes a trimethylation-specific demethylase, an 
enzymatic action that regulates gene expression. This epigenetic regulator 
contributes to neurogenesis, as it can induce BDNF expression by demethylating its 
regulatory regions, while blocking astrogliogenesis by demethylating GFAP exonic 
regions (Cascante et al., 2014). Interestingly, stress-enhanced reversal learning 
ability was prevented by BDNF infusion (Graybeal et al., 2011), and activation of 
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BDNF-TrkB signaling of BDNF induced behavioural inflexibility (McCarthy et al., 
2016), a similar effect might be reached if there was an effect of KDM4C intronic 
openness on BDNF expression. Notably, an intronic region of the gene secreted 
phosphoprotein 2 (SPP2), which degrades S1P levels, was significantly more 
accessible in fast reversal learners. S1P enhances cell proliferation and activates 
neuronal progenitor cells (O’Sullivan and Dev, 2013; Motyl and Strosznajder, 2018) 
and crucially, S1P receptor activation increased BDNF levels (Deogracias et al., 
2012), again suggesting that negative regulation of BDNF is linked to reversal 
learning ability in the striatum of great tits. Among the genes that showed increased 
accessibility in distant intergenic regions in fast reversal learners was GALNT9, a 
brain-specific O-glycosylase which is enriched for H3K27ac enhancer mark and 
contains a binding site for EGR1, a transcription factor that is induced by BDNF 
following neuronal activity and can regulate GALNT9 by DNA demethylation (Sun 
et al., 2019). O-Glycans are important mediators of neural cell interactions (Toba et 
al., 2000; Zhang et al., 2003; Kleene and Schachner, 2004), and differential 
regulation of GALNT9 may thus be causal to reversal learning performance. NT5E 
is a plasma membrane protein responsible for the production of adenosine, an 
important modulator of neuronal plasticity, especially in the striatum (Cunha, 
2001; Zimmermann et al., 2012; Ena et al., 2013a). NT5E knock-out mice exhibit 
enhanced spatial working memory and open field habituation (Ena et al., 2013b), 
and our results suggests that NT5E might also be a candidate gene for reversal 
learning performance.  
 
Among the genes that showed increased accessibility in distant intergenic regions 
in slow reversal learners were Dual specificity protein phosphatase 10 (DUSP10), 
Charged Multivesicular Body Protein 2B (CHMP2B) and transmembrane protein 18 
(TMEM18). DUSP10 is part of a large family of protein tyrosine phosphatases and is 
an activity-regulated signalling molecule that is upregulated during neurogenesis 
(Kim et al., 2016). CHMP2B is expressed in neurons and encodes a component of 
the ESCRT-III complex, which functions in the recycling or degradation of cell 
surface receptors. Transgenic mice expressing mutant CHMP2B develop 
neurodegeneration and synaptic dysfunction (Ghazi-Noori et al., 2012; Clayton et 
al., 2022). CHMP2B was among the top ranked significant genes from a genome-
wide association study on spatial cognitive variation (Branch et al., 2022), 
suggesting a role for this gene in avian spatial learning ability. Both DUSP10 and 
CHMP2B suggest differential neurodevelopment underlying reversal leaning 
ability. TMEM18 is a hypothalamic gene that has been linked to obesity and eating 
disorders in genome wide association studies (Almén et al., 2010; Chermon and 
Birk, 2023), and exerts its role in the control of appetitive behaviour through its 
effect on energy balance (Larder et al., 2017). As our task is an appetitive learning 
task, the involvement of this gene suggests that individual variation in reward 
sensitivity may underlie variation in reversal learning performance.  
 
Although annotation of differentially accessible regions provides us with an 
interpretation of the functional impact, it does not explain how transcription is 
affected. Differentially accessible regions are likely to harbour motifs, specific 
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sequences that transcription factors can bind to (Klemm et al., 2019). Assessing 
which motifs are enriched in differentially accessible regions, can provide a 
prediction about the transcription factors that are involved, which could be linked 
to the expression patterns of those genes (Yan et al., 2020). This will be a crucial 
next step in understanding the gene regulatory networks that underlie differences 
in chromatin accessibility.  
 
DNA methylation is an additional epigenetic mechanism that contributes to 
regulation of gene transcription. DNA methylation functions as a transcriptional 
inhibitor (Siegfried et al., 1999) and associates negatively with chromatin 
accessibility (Thurman et al., 2012). We found multiple differentially methylated 
sites in relation to reversal learning performance and explored how DNA 
methylation differences associated with changes in gene expression and chromatin 
accessibility. Most chromatin regions that showed increased accessibility in one 
group, showed lower average CpG methylation, although none of these regions 
harbored significant differentially methylated sites. Furthermore, genome-wide, 
we found an expected correlation between low CpG site methylation and high 
expression of the associated gene, mostly in TSS and promoter regions. This means 
that differential expression of genes with these functions in relation to reversal 
learning performance is at least to some extent established by differences in DNA 
methylation. Considering that we performed EM-seq on bulk striatal cells rather 
than neuronal nuclei, this relationship between DNA methylation and gene 
expression is likely to be stronger than we present here. 
 
Genes carrying DMS showed enrichment for GO terms related to biological 
processes involved in neuronal functions, such as neuron differentiation, axon 
development and synapse assembly. No terms and pathways were found to be 
enriched when looking at functional enrichment of significantly methylated sites 
located in the TSS region, indicating that these genes are relevant to a wide range 
of functions. Still, several of these genes have a clear link with learning differences 
in the literature. The thyroid hormone receptor THRB, is crucial for brain 
development and is associated with learning and cognitive abilities and plays a 
modulatory role in striatal gene expression (Bernal, 2000). APBB2 is involved in the 
formation of β-amyloid (Aβ), the main constituent of the senile plaques that are 
characteristic for Alzheimer’s disease, and the gene is linked to cognitive 
impairment (Golanska et al., 2008, 2013). Other genes were less strongly linked to 
cognition, but have a direct link to behaviour. For example BCAS1 is involved in 
myelination and is associated with schizophrenia-like behaviour. (Ishimoto et al, 
2017). SLC35F2 is a solute transporter functioning in transmembrane transport 
and was among the top SNPs for anxious temperament in brain areas relevant both 
for emotional reactivity and affection. Interestingly, this was also including the 
striatum (Gonda et al., 2021). Yet other genes are associated with neural system 
development (LRTM1, FLCN) (Kenyon et al., 2016; Samata et al., 2016) and 
neuronal signalling (SLC35A48) (Richard et al., 2001). Together, this indicates a 
functional role for DNA methylation in regulating gene expression variation in 
relation to learning and behaviour, as well as neuronal structure and development. 	
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Overall, our approach revealed molecular (epi)genetic candidates for further 
studies to demonstrate causal relationships between specific genes and their 
function in reversal learning ability, which will provide insights into the origin of 
individual cognitive differences. Collectively, our data supports the idea that 
transcriptomic and epigenomic signatures differ between individuals that vary in 
their reversal learning performance, and that these differences correlate across 
genomic and epigenetic functions, especially in the striatum. The identity and 
function of the involved genes are brain region-specific. Our study is among the first 
to make use of innovative transcriptomic and epigenomic sequencing tools to 
reveal brain region-specific functioning of neurons on reversal learning 
performance in an ecological model species. This study is a first step towards 
understanding the genomic and epigenetic functioning of cognitive ability in a wild 
vertebrate.  
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Supplementary Figure 5.1 Kaplan Meier plots of the trials to reach learning criterion (TTC) during 
the reversal learning task for great tits. “Time” is number of trials, and “event” is reaching trials to 
criterion. Every time an individual reaches learning criterion, the proportion of individuals 
succeeding at the task on the Y-axis increases. The fast and slow learning individuals differ 
significantly on success probability (log-rank test P = 0.007). 
	
Supplementary Table 5.1 Sample origins, reversal learning scores, and samples included in final 
analysis. TTC = trials to criterion. 
Phenotype	ID	 Brood	TTC	

R1	
TTC	
R2	

TTC	
R3	

Mean	
TTC	

Striatum	 
NeuN+	

Hippocampus	
NeuN+	

Cerebellum	
Bulk	

Fast  BD...76021 70154 9 26 9 14,67       RNA ATAC RNA 
BD...76096 70132 16 23 8 15,67 RNA     RNA ATAC   
BD...76157 70156 11 15 8 11,33   ATAC EM RNA   RNA 
BD...76237 70664 8 25 7 13,33 RNA ATAC EM RNA ATAC RNA 

Slow  BD...76081 70145 29 16 30 25   ATAC EM RNA ATAC RNA 
BD...76038 70115 53 21 24 32,67 RNA     RNA ATAC   
BD...76149 70155 164 8 45 72,33 RNA     RNA ATAC   
BD...76216 70361 98 81 45 74,67   ATAC EM RNA   RNA 
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Supplementary Table 5.2 Summary of sequencing and alignment of included RNA-seq libraries. 
ID Type Brain	 

region 
Cell	type #Raw	reads %Aligned	

1X 
#Aligned	
1X 

#Aligned	
toGenes 

GT021 Fast Cerebellum Bulk 25,722,205 75.64 19,456,678 10,912,056 
GT081 Slow Cerebellum Bulk 16,972,169 72.42 12,290,472 7,511,182 
GT157 Fast Cerebellum Bulk 21,155,242 75.00 15,865,407 9,386,363 
GT216 Slow Cerebellum Bulk 12,261,508 74.08 9,083,617 5,425,060 
GT237 Fast Cerebellum Bulk 20,130,748 74.18 14,933,841 8,608,710 
GT021 Fast Hippocampus NeuN+ 18,759,090 74.90 14,050,942 7,673,207 
GT038 Slow Hippocampus NeuN+ 19,655,441 71.13 13,980,115 7,855,229 
GT081 Slow Hippocampus NeuN+ 18,159,772 73.30 13,310,627 7,379,186 
GT096 Fast Hippocampus NeuN+ 34,247,747 72.87 24,956,962 13,970,889 
GT149 Slow Hippocampus NeuN+ 34,124,867 74.57 25,448,068 13,663,424 
GT157 Fast Hippocampus NeuN+ 27,493,335 76.87 21,133,874 11,740,772 
GT216 Slow Hippocampus NeuN+ 22,240,767 71.76 15,959,308 8,965,101 
GT237 Fast Hippocampus NeuN+ 29,025,622 73.24 21,258,136 11,888,550 
GT038 Slow Striatum NeuN+ 27,956,839 78.13 21,841,806 12,470,514 
GT096 Fast Striatum NeuN+ 60,259,538 80.14 48,294,457 26,958,249 
GT149 Slow Striatum NeuN+ 56,860,753 77.74 44,201,536 24,504,588 
GT237 Fast Striatum NeuN+ 27,180,653 69.31 18,836,513 11,471,278 
 
Supplementary Table 5.3 Summary of sequencing and alignment of included ATAC-seq libraries. 

 
Supplementary Table 5.4 Summary of sequencing and alignment of EM-seq libraries. 

  
 
 
 
 
 

ID Type Brain	 
region 

Cell	type #Raw	reads	%Aligned	
1X	

#Aligned	
1X	

#Peaks	FRiP TSSE 

GT038 Slow Cerebellum Bulk 64,732,036 85.04 55,047,165 31373 0.09 4.69 
GT096 Fast Cerebellum Bulk 41,000,053 86.52 35,473,283 28255 0.11 6.9 
GT149 Slow Cerebellum Bulk 47,130,607 85.69 40,383,998 29927 0.11 6.4 
GT021 Fast Hippocampus NeuN+ 36,614,777 71.53 26,189,992 99882 0.19 6.56 
GT038 Slow Hippocampus NeuN+ 36,845,692 60.24 22,195,509 70044 0.13 4.88 
GT081 Slow Hippocampus NeuN+ 58,100,302 90.50 52,578,300 86225 0.13 3.49 
GT096 Fast Hippocampus NeuN+ 21,859,014 65.68 14,357,813 54272 0.12 7.53 
GT149 Slow Hippocampus NeuN+ 24,057,085 69.56 16,734,233 60606 0.12 6.34 
GT237 Fast Hippocampus NeuN+ 40,905,652 90.30 36,936,483 74505 0.13 4.26 
GT081 Slow Striatum NeuN+ 78,267,531 69.97 54,764,139 88842 0.17 3.79 
GT157 Fast Striatum NeuN+ 64,007,565 86.74 55,519,451 83210 0.18 4.34 
GT216 Slow Striatum NeuN+ 65,662,557 86.23 56,623,089 89701 0.2 4.77 
GT237 Fast Striatum NeuN+ 56,267,933 82.46 46,396,622 79522 0.14 3.84 

ID Type Brain	 
region 

Cell	type #Raw	reads	 %Aligned	
1X	

#Aligned	
1X	

GT081 Slow Striatum Bulk 163,841,906 52.7% 86,325,091 
GT157 Fast Striatum Bulk 225,488,123  52.1% 117,407,638 
GT216 Slow Striatum Bulk 252,342,399  56.7%  142,988,987 
GT237 Fast Striatum Bulk 259,955,928  57.4%  149,226,883 
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Supplementary Figure 5.2 Clustering of RNA-seq samples based on PCA. Samples collected from 
fast (blue) and slow (orange) reversal learners and from Striatum (squares), Hippocampus 
(triangles) and Cerebellum (circles). PC1 explained 50% of the variance, PC2 39% while PC3 
explained 2.2% (all eigenvalue > 1.0). 
 

 
Supplementary Figure 5.3 Clustering of RNA-seq samples based on PCA. Samples collected from 
fast (red dots) and slow (blue dots) reversal learners and from three different brain regions: a-c) 
Striatum, d-f) Hippocampus and g-i) Cerebellum. 
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Supplementary Figure 5.4 Clustering of ATAC-seq samples based on PCA. Samples collected from 
fast (red dots) and slow (blue dots) reversal learners and from three different brain regions: A. 
Striatum, B. Hippocampus and C. Cerebellum. 
 

 
Supplementary Figure 5.5 Clustering of EM-seq samples shows no apparent clustering between 
the two phenotypes. Fast reversal-learning individuals are coloured blue and slow individuals are 
coloured red. a) Sample correlation matrix b) Hierarchical clustering. The distance method is 
correlation and the clustering method is ward. c) Percentage of variance explained per PC. d) PCA 
for DNA methylation for PCs 1-3, containing all functional variance.  
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Supplementary Table 5.5 Number of CpGs before and after filtering. 
Filtering	step #	of	methylated	sites 
Raw/no filtering 15.116.607 
Uniting 7.626.028 
Coverage ≥10x 7.467.562 
5% ≥ mean meth ≤ 95% 6.036.195 
Percentile filtering of 0.01% 6.035.888 
 
Differential	methylation	analysis 
Overdispersion correction (Bonferroni) 4.772.866 
Overdispersion + complete cases (the site 
occurred in all four individuals)  

2.830.107 

Difference >25% and padj < 0.05 11.418 
Overdispersion + significant + complete 4.551 

 
Supplementary Table 5.6 Gene name, annotation, distance to TSS (in bp), adjusted p-value (padj) 
and log2Foldchange (log2FC) associated with differentially accessible regions between fast and 
slow reversal learners. 
Phenotype	 Gene	name	 annotation	 distanceToTSS	 log2FC	 padj	
Fast DHX35 Distal Intergenic 95,688 -3.44 0.00 
 LOC117244115 Distal Intergenic -183,552 -2.27 0.00 
 LOC117245467 Distal Intergenic 20,788 -1.88 0.02 
 GALNT9 Distal Intergenic -32,036 -1.40 0.00 
 NT5E Distal Intergenic -112,940 -1.27 0.00 
 LOC117244109 Distal Intergenic 6,216 -1.21 0.04 
 SPP2 Intron  -9,968 -1.18 0.01 
Slow CHMP2B Distal Intergenic -7,519 1.26 0.02 
 LOC107201404 Distal Intergenic -16,399 1.31 0.00 
 FCHO2 Distal Intergenic -5,501 1.47 0.02 
 LOC107209066 Distal Intergenic 110,117 1.58 0.02 
 KDM4C Intron  153,406 1.80 0.00 
 LOC107202428 Distal Intergenic -146,226 1.85 0.00 
 LOC117244170 Distal Intergenic -17,876 2.71 0.00 

 
Supplementary Table 5.7 Distribution of accessible chromatin regions in striatum. 
Feature	(Striatum) Frequency 
Promoter	 12.27 
5'	UTR	 0.71 
3'	UTR	 3.05 
Exon	 9.27 
Intron	 36.06 
Downstream	(<=300)	 0.19 
Distal	Intergenic	 38.45 

 
  

Chapter 5



155 

Supplementary Table 5.8 Distribution of accessible chromatin regions in hippocampus. 
Feature	(Hippocampus) Frequency 
Promoter	 14.54 
5'	UTR	 0.73 
3'	UTR	 3.03 
Exon	 9.82 
Intron	 36.13 
Downstream	(<=300)	 0.19 
Distal	Intergenic	 35.55 

 
Supplementary Table 5.9 Relationship between differential chromatin accessibility and 
differential gene expression in the striatum.  
Region NE	+	SW All	quadrants Binom 

p.value 
Pearson	
Correlation 

p.value 

All	 306 564 0.048 0.096 0.023 
Promoter	 20 30 0.099 0.35 0.061 
Intron	 126 211 0.006 0.14 0.047 
Exon	 41 80 0.911 0.056 0.62 
DistalIntergenic	 105 220 0.544 0.00027 0.97 
UTR5	 3 3 0.25 0.98 0.12 
UTR3	 10 19 1 0.31 0.2 
 
Supplementary Table 5.10 Relationship between differential chromatin accessibility and 
differential gene expression in the hippocampus. 
Region	 NE	+	SW	 All	quadrants	 Binom 

p.value	
Pearson	
Correlation 

p.value 

All	 56 102 0.37 -0.58 0.56 
Promoter	 2 5 1 -0.31 0.61 
Intron	 23 39 0.34 -0.078 0.64 
Exon	 2 7 0.45 -0.45 0.31 
DistalIntergenic	 26 48 0.67 -0.034 0.82 
UTR5	 NA NA NA NA NA 
UTR3	 3 3 0.25 0.83 0.38 
 
Supplementary Table 5.11 Relationship between differential DNA methylation and differential 
gene expression in the striatum. 
Region NE	+	SW	 All	quadrants	 Binom 

p.value	
Pearson	
Correlation 

p.value 

All	 5531 10802 0.013 0.05 <0.001 
Gene	body	 2248 4330 0.012 0.04 0.0072 
Promoter	 364 650 0.0025 0.12 0.0018 
TSS	 54 89 0.055 0.26 0.012 
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Supplementary Table 5.12 Distance to TSS,, chromosome number or unplaced scaffold, q-value, ∆ 
of % methylation level, gene name and TSS annotation Y/N associated with DMS between fast and 
slow reversal learners. 
Dist.to.TSS Chrom/Scaf Gene	name q-value ∆	Meth. TSS 
-282 chrZ FAM169A 5.46E-08 56 Y 
5 chr3 CGA 7.07E-07 -57 Y 
-48 chr2 THRB 3.21E-06 49 Y 
25 chr12 ENSPMJG00000012560 0.000832 -46 Y 
-288 chr1 SLC35F2 0.001242 44 Y 
46 chr14 ENSPMJG00000017423 0.002213 44 Y 
-281 chr1 ENSPMJG00000012243 0.00271 46 Y 
-130 chr1A CHPT1 0.003025 51 Y 
49 chr13 ENSPMJG00000007638 0.011436 -51 Y 
-166 chr15 ENSPMJG00000018778 0.014024 -42 Y 
48 chr4 APBB2 0.014517 -48 Y 
9 chr20 ENSPMJG00000009107 0.024431 -40 Y 
-29 chr13 SLC25A48 0.027101 -41 Y 
-100 chr12 LRTM1 0.029643 -46 Y 
-175 scaffold HADHB 0.049596 48 Y 
-639 chr12 GXYLT2 3.41E-10 -62 N 
-345 chr13 ENSPMJG00000014455 6.39E-08 -60 N 
-1453 chr4 RBM46 1.05E-07 -61 N 
-692 chr1 ALKBH8 1.72E-07 57 N 
-1490 chr15 SRRM4 1.77E-07 68 N 
-1801 chr15 KSR2 2.03E-07 -64 N 
-1181 chr3 DUSP10 2.28E-07 -56 N 
-1891 chr7 GORASP2 3.42E-07 -59 N 
-1388 chr3 RHOQ 4.07E-07 -71 N 
-1017 chr1 EPHB6 7.54E-07 60 N 
-1600 chr10 TIPIN 2.76E-06 -55 N 
-1688 chr4 TAPT1 2.89E-06 -55 N 
-1975 chrZ SLC46A2 3.27E-06 -53 N 
-1294 chr13 GRXCR2 3.35E-06 48 N 
-1210 chr14 RBBP6 4.61E-06 -59 N 
-1133 chr3 TDRP 4.68E-06 58 N 
-1240 chr9 ENSPMJG00000002756 8.7E-06 -54 N 
-1175 chr5 ASB2 1.17E-05 -53 N 
-1394 chr2 ENSPMJG00000018140 1.45E-05 -49 N 
63 chr15 CIT 1.62E-05 -53 N 
-1844 chr7 BIN1 1.92E-05 -51 N 
-359 chr26 LRRN2 2.06E-05 -52 N 
-515 chr5 ENSPMJG00000003343 2.25E-05 -47 N 
-372 chr28 MATK 2.26E-05 -51 N 
128 chr14 POLR3E 2.54E-05 51 N 
-1977 chr21 TAS1R1 2.71E-05 60 N 
-591 chr27 IKZF3 2.97E-05 -56 N 
-791 chrZ RFESD 3.11E-05 -56 N 
-450 chr24 CHEK1 3.18E-05 60 N 
-1632 chr6 PCDH15 3.47E-05 -54 N 
-1981 chr20 CDH4 4.9E-05 50 N 
-1507 chr4 FGFR3 5.65E-05 -44 N 
-401 chr27 ENSPMJG00000004130 8.54E-05 -56 N 
-499 chr4 C1QTNF7 8.65E-05 62 N 
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Supplementary Table 5.12 (continued). 
Dist.to.TSS	 Chrom/Scaf	 Gene	name	 q-value	 ∆	Meth.	 TSS	
-1849 chr5 BTBD10 8.71E-05 54 N 
-1793 chr8 DAB1 8.92E-05 -47 N 
-908 chr1 DIAPH3 0.000104 49 N 
-488 chr21 ENSPMJG00000009402 0.000106 48 N 
81 chr9 IL1RAP 0.000127 -50 N 
-303 chr2 MTCL1 0.000144 -48 N 
149 chr12 ENSPMJG00000012782 0.000148 -56 N 
-1360 chr2 TMUB1 0.000197 56 N 
102 chr7 TFPI 0.000233 -53 N 
-955 chr12 RYBP 0.000244 -50 N 
-1710 chr1 ENSPMJG00000010675 0.000292 -50 N 
-782 chrZ DAB2 0.000344 -45 N 
-1727 chr5 IPO7 0.000351 46 N 
-1216 chr5 MARK3 0.000359 -48 N 
-1492 chr1 SKA3 0.000359 50 N 
-1796 chr14 ALKBH5 0.000406 50 N 
-1266 chr17 ZBTB43 0.0006 49 N 
-500 chr11 ADGRG1 0.000632 -49 N 
-1887 chr3 KCNK1 0.000744 47 N 
-1746 chr28 ELL 0.000807 56 N 
-1704 chr9 ENSPMJG00000016471 0.000891 -49 N 
-1098 chr4 HPSE 0.000942 -51 N 
-366 chr1 CYBB 0.000984 48 N 
-333 chr15 ENSPMJG00000001295 0.001019 46 N 
-1247 chr7 DNPEP 0.001393 49 N 
-1160 chr1A GNPTAB 0.001568 46 N 
-1743 chr3 TOMM20 0.001585 -48 N 
-1224 chr7 C2orf88 0.001609 -45 N 
-1305 chr1 PIGA 0.001621 44 N 
-1374 chr8 DARS2 0.001835 -49 N 
-1874 chr20 NCOA6 0.001981 49 N 
-1656 chr9 PCOLCE2 0.00222 -42 N 
-427 chr13 KLHL3 0.002313 46 N 
-1915 scaffold ENSPMJG00000001813 0.002535 -49 N 
-1793 chr1 ENSPMJG00000011313 0.002632 -59 N 
-754 chr3 C1orf115 0.002694 -54 N 
-617 chr25LG2 PRPF3 0.002877 -51 N 
-1658 chr1 CCDC83 0.003169 -45 N 
-1161 chr4A WDR44 0.003707 44 N 
-1363 chr2 ANKIB1 0.005248 50 N 
-761 chr3 WDCP 0.005272 54 N 
-1110 scaffold TMBIM6 0.005581 -55 N 
189 chr4 MRPL1 0.00571 45 N 
-1530 chr2 CARMIL1 0.006239 46 N 
-1105 chr2 ENSPMJG00000014167 0.006993 -49 N 
137 chr6 ANAPC16 0.007749 -52 N 
-1375 chr1 ENSPMJG00000015013 0.007937 48 N 
-1467 chr4A CYSLTR1 0.008377 -47 N 
-428 chr1A LRRK2 0.009724 41 N 
-642 chr13 ATP10B 0.010078 -51 N 
-1425 chr1 C3AR1 0.010302 45 N 
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Supplementary Table 5.12 (continued). 
Dist.to.TSS	 Chrom/Scaf	 Gene	name	 q-value	 ∆	Meth.	 TSS	
-816	 chr4	 HNRNPD	 0.010844	 47	 N	
-1579 chr1A CDC123 0.012247 -40 N 
-1262 chr1 CDK8 0.012476 46 N 
-1652 chr4 IGFBP7 0.012958 46 N 
-445 chr1A SLC35E3 0.01317 -59 N 
-347 chr9 ARL14 0.013237 41 N 
-328 chr18 GAA 0.014018 -43 N 
-1486 chr3 SPDYA 0.014397 44 N 
-569 chr6 A1CF 0.016341 -45 N 
-1237 chr4 IL21 0.017507 -45 N 
-1370 chr4A HS6ST2 0.017618 -39 N 
-1207 chr1 SLC9A2 0.018816 -51 N 
-1845 chr4A AMOT 0.019417 41 N 
-1673 chr6 MCU 0.019887 55 N 
-1543 chr19 VEZF1 0.021729 48 N 
-373 chr18 GAA 0.022743 -39 N 
-917 chr1 MAOA 0.023164 -46 N 
-558 chr8 KIAA1614 0.024 59 N 
112 chrZ ANKRD34B 0.024201 -48 N 
-1508 chr1A MGAT3 0.024378 -42 N 
-923 chr10 PDCD7 0.02584 44 N 
-1469 chr2 GATAD1 0.026167 42 N 
-1689 chr3 XRN2 0.027007 48 N 
75 chr4A GLOD5 0.02748 -46 N 
-814 chr14 ENSPMJG00000019245 0.027652 38 N 
-898 chr14 SREBF1 0.028414 -44 N 
-1080 chr4A ENSPMJG00000012214 0.031261 49 N 
-782 chr14 ENSPMJG00000000118 0.031625 -47 N 
-991 chr11 CMTM4 0.032688 48 N 
78 chr19 HEATR6 0.0337 -46 N 
150 chr1 HIKESHI 0.04025 -45 N 
-1869 chr11 PSMD7 0.041572 -52 N 
-916 chr23 TENT5B 0.048388 59 N 
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Variable environments lead to predictable and unpredictable changes to which 
animals need to respond. The extent to which environmental changes are 
predictable will cause variation in the type of selection pressures that act on the 
cognitive mechanisms required for foraging behaviour (Dunlap and Stephens, 
2012). Foraging in variable environments requires not only acquiring and storing 
information, but also the ability to use this information in a flexible manner, 
especially when changes occur unpredictably. Cognitive flexibility describes the 
ability of individuals to adaptively change a learned behaviour in response to 
changed contingencies in the environment. Human-induced climate change and 
urbanization drastically alter the environmental stability and predictability of 
habitats, leading to the question of how this will lead to altered selection on 
cognitive flexibility (Vardi and Berger-Tal, 2022). However, being able to make 
such predictions requires a better understanding of the causal mechanisms 
underlying variation in cognitive flexibility. Use of the reversal learning task to 
assess individual responses to a change in learned contingencies has contributed 
to our understanding of the neuroanatomical basis of cognitive flexibility in 
laboratory animals (Izquierdo et al., 2017; Highgate and Schenk, 2021) and 
environmental predictors and fitness consequences of cognitive flexibility (Ashton 
et al., 2018; Hermer et al., 2018; Madden et al., 2018; Tello-Ramos et al., 2018; 
Sonnenberg et al., 2019; Rochais et al., 2021), but studies on the causal mechanisms 
in ecological model species are still limited. 
 
In this thesis, I explored the mechanisms underlying natural variation in cognitive 
flexibility in an ecological model species, the great tit. Where possible, I directly 
linked these findings to rodent models, to better understand the generality of 
findings in rodent species to make predictions in ecologically relevant species. I 
developed a high-throughput reversal learning task that allowed me to assess 
cognitive flexibility repeatedly across a wide range of individuals. First, I used 
performance of wild-caught captive great tits to assess to what extent reversal 
learning is repeatable and heritable in the great tit, and how reversal learning 
ability is linked to personality traits (Chapter	 2). To explore the molecular 
mechanisms underlying cognitive flexibility, I first studied how chromatin 
accessibility contributes to cell type heterogeneity and tissue specificity of brain 
regions relevant to reversal learning performance (Chapter	3) and then assessed 
whether individual differences in reversal learning performance are explained by 
variation in chromatin accessibility and gene expression in these brain regions 
(Chapter	4	and	5). In this final chapter, I will discuss what can be concluded from 
these findings and how they relate to one another. The possibilities of automated 
learning devices (Griebling et al., 2022) have led to a rapid surge in the amount of 
data that is being collected on avian cognition. This has contributed to an increasing 
understanding of the molecular and neurobiological mechanisms as well as 
behavioural and fitness correlates of individual variation in cognitive performance. 
I will discuss the findings in this thesis in light of these recent developments and 
end this chapter with suggestions for promising directions for future research. 
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Consistency	and	heritability	of	cognitive	flexibility		
Limited repeatability of cognitive flexibility 
In Chapter	2 I first show that individuals display marginal repeatability in reversal 
learning performance, as expected and consistent with many recent publications 
on great and blue tits (Reichert et al., 2020; Morand-Ferron et al., 2022), mountain 
chickadees (Tello-Ramos et al., 2018), Aegean wall lizards (De Meester et al., 
2022b), as well as several other datasets published in a metanalysis (Cauchoix et 
al., 2018), although there are also reports of exceptionally high repeatability, for 
example in Australian magpies (Ashton et al., 2022). Repeatability, the proportion 
of between-individual variance relative to the total phenotypic variance, can 
express the proportion of the variance of a measurement that is due to permanent 
differences between individuals, which can be genetic as well as environmental. 
Repeatability is therefore used to quantify whether multiple measures represent 
the same trait, and whether individuals show consistency in performance (Dohm, 
2002). However, in the reversal learning task, individuals are likely to get better in 
the task as they are exposed to repeated measures, as initially shown by subjecting 
rats and pigeons to serial reversals (Bitterman, 1965; Mackintosh et al., 1968), and 
since then has been shown to occur in many avian species including corvids (Bond 
et al., 2007), great tits (Cauchoix et al., 2017), blue jays (Dunlap and Stephens, 
2012) and mountain chickadees (Benedict et al., 2023). Interestingly, this is not the 
case in guppies (Boussard et al., 2020) and honeybees (Mota and Giurfa, 2010), 
possibly indicating differences in the ability to implement rule learning among 
animal classes. This gradual improvement over time can confound the meaning of 
repeatability in a reversal learning task. However, improvement will only affect 
repeatability estimates when improvement rates vary substantially between 
individuals. Australian magpies show high repeatability in reversal learning tasks 
despite improvement over repeated reversals (Ashton et al., 2022), which could 
indicate the tested individuals did not vary in improvement rate. The extent to 
which individuals show variation in improvement rate will be a useful addition to 
the current standing work on the repeatability of reversal learning performance.  
 
No heritability of cognitive flexibility 
Although the repeatability of a trait is generally considered to set an upper limit to 
its heritability (Falconer, 1989), when repeated measures reflect different traits 
genetically, repeatability can in fact underestimate heritability. Nonetheless, in our 
artificial selection experiment, I observed near-zero narrow-sense heritability of 
reversal learning performance, which I confirmed with an animal model approach. 
I was expecting to find low heritability estimates, considering the low repeatability 
and known low heritability of cognitive traits, but the absence of additive genetic 
variation in our results was striking. An absence of heritability of reversal learning 
performance (as well as low to moderate repeatability) was recently also reported 
in Aegean wall lizards (De Meester et al., 2022b). Assuming the phenotypic gambit, 
the belief that all traits are ultimately at least partly heritable (Grafen, 1984), our 
findings suggest that heritability of reversal learning performance in our study 
system is too small to detect. The narrow-sense heritability is, together with the 
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strength of selection, determinant of the level of evolutionary response (Falconer, 
1989). This means that even if there would be selection on reversal learning ability, 
which ultimately acts on the phenotype, the consequence of such a small 
heritability is that reversal learning performance has a low evolutionary potential.  
 
This finding contrast to other studies, including results of a pedigree-based animal 
model showing heritability of reversal learning performance in red junglefowl 
(Sorato et al., 2018), and a study on honey bees reporting divergence of 
performance in selection lines on reversal learning performance (Ferguson et al., 
2001). Genome-wide quantitative trait locus (QTL) analysis on bees representing 
extreme phenotypes from the ‘fast’ and ‘slow’ reversing lines identified two QTLs 
that together explained 27% of the phenotypic variance (Chandra et al., 2001). In 
mice, strain-level heritability of reversal learning performance was estimated at 
0.17 with a significant QTL explaining 12% of the variance (Bagley et al., 2022) and 
0.3 in another study, with a significant QTL explaining 19% of the variance 
(Laughlin et al., 2011). Recently, the genetic basis of spatial learning and memory 
ability was explored in mountain chickadees using a genome-wide association 
study (GWAS), finding that 10 loci explained 87% of the variance (Branch et al., 
2022). It could be fruitful to combine QTL or GWAS analyses with animal models to 
study not only heritability but also the contribution of genetic architecture and 
specific genes to reversal learning (Slate, 2005; Poissant et al., 2013). However, 
although such an approach would conceptually be very interesting, it may not be as 
useful in our study system, where heritability is too low to detect.  
 
Choices 
A low repeatability and heritability can also indicate that performance in the 
reversal task is strongly influenced by environmental factors and measurement 
errors, which can reduce estimates of repeatability and heritability (Falconer, 
1989). I largely mitigated environmental sources of variation by rearing the great 
tits in a common environment. Some factors we could not control, such as 
experience with the feeders during habituation time, possibly also affected by 
dominance interactions. Furthermore, environmental sources of variation can also 
be stochastic. For example, genetically identical mice develop individual differences 
in exploratory behaviour and associated epigenetic marks, when reared under 
identical, but enriched environments (Kempermann et al., 2022). As extensively 
discussed in Chapter	 2, reversal learning performance tests a combination of 
cognitive components, and trials to criterion may only capture the aggregate result. 
Such components include the degree of proactive interference resulting in 
perseverative choices (Tello-Ramos et al., 2019; Morand-Ferron et al., 2022; 
Tsakanikos and Reed, 2022); attentional allocation resulting in a potential failure 
to detect task transitions (Izquierdo et al., 2017); and reinforcement learning, to 
learn the new cue-reward association as well as learning from non-reinforcements, 
decreasing approach towards non-rewarded locations (Nilsson et al., 2015). Each 
of these constituents may be separate components of reversal learning 
performance that selection can act upon, but the extent to which these components 
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make up reversal learning and the heritabilities of these components remain an 
important avenue for further study.  
 
One potential source of unaccounted for variation is the experience an individual 
has acquired during the associative phase immediately before initiation of the 
reversal learning phase. The strength of memories formed in the associative 
learning phase can induce individuals differences in preference for the previously 
rewarding cue at the start of the reversal phase (Anderson and Neely, 1996; Aljadeff 
and Lotem, 2021). A stronger memory can lead to more proactive interference, the 
degree to which previously learnt, but now irrelevant, information interferes with 
learning and remembering newly relevant information (Tello-Ramos et al., 2019). 
Extensive proactive interference can make it more difficult to inhibit a response 
towards the previously rewarded cue, and thus decreasing performance in the 
reversal learning task. Indeed, lower reversal performance followed associative 
learning tasks that included more trials, with most errors being made on the 
previously rewarded feeder (Tello-Ramos et al., 2018). Such results are suggestive 
for a trade-off between learning and cognitive flexibility, in which animals that are 
quick at forming initial associations learn subsequent similar information less well. 
I found that associative and reversal learning performance were negatively 
correlated, consistent with hypothesized limitations of proactive interference and 
memory load (Tello-Ramos et al., 2019; Hermer et al., 2021). However, it was 
particularly striking that I only observed this negative correlation when individuals 
were rewarded for their first choice during the associative learning task, not when 
one of the other two feeders was rewarded. This suggests that not only intrinsic 
differences play a role in the relationship between associative and reversal learning 
performance, but also experimental design choices, such as the cue that is initially 
rewarded. This finding indicates that randomly allocating cues contingencies to 
individuals, as is often done, may in fact experimentally induce individual 
differences in performance. This idea is further strengthened by findings that both 
learned and innate cue preferences can induce variation in difficulty with the 
reversal task (Dhawan et al., 2019; Aljadeff and Lotem, 2021).  
 
Crucially, this means that study design choices can strongly affect an individual’s 
starting state, and eventually the measure of reversal learning performance, not 
only between individuals, but also across studies. Another example is the moment 
of reversal onset. In this thesis, I used the moment of reaching a pre-defined 
learning criterion as starting point for the reversal phase, with the aim to 
standardize the individuals’ state at the beginning of the reversal phase (Bond et 
al., 2007; Boogert et al., 2011; Guillette et al., 2015; Shaw et al., 2015; Cauchoix et 
al., 2017; Ashton et al., 2018, 2022; Buechel et al., 2018; Soravia et al., 2022). 
However, others have used a fixed number of trials (Raine and Chittka, 2012; 
Madden et al., 2018; van Horik et al., 2019) or a fixed number of days (Tello-Ramos 
et al., 2018; Reichert et al., 2020; Morand-Ferron et al., 2022; Benedict et al., 2023). 
This is a crucial difference in task design, because a fixed number of trials or a fixed 
number of days can lead to overtraining: receiving additional experience after an 
association has been learned. Overtraining can improve reversal learning 
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performance because it creates a greater attention towards the relevant cue 
(Dhawan et al., 2019). This means that overtraining can stimulate model-based 
(rule-) learning in the sense that it creates a mental set, allowing an individual to 
learn that it should ‘focus’ on a specific cue type (colour, location, shape). 
Differences in the amount of experience during the associative learning phase may 
therefore account for the wide range of relationships that have been observed 
between associative and reversal learning across studies, including positive (Nettle 
et al., 2015; Tello-Ramos et al., 2018; Bagley et al., 2022), negative (Bebus et al., 
2016; Sorato et al., 2018) and an absence of associations (Ferguson et al., 2001; 
Benedict et al., 2023), but might also account for the differences in repeatability and 
heritability across studies. It would be highly informative to experimentally or 
meta-analytically test how differences in study design affect (the additive genetic 
component of) consistent individual variation. 
 
Following the speed-accuracy trade-off hypothesis (Sih and Del Giudice, 2012), I 
predicted that more exploratory and bolder individuals would perform worse at 
reversal learning performance while being better at associative learning tasks. 
However, contrary to other studies (Guillette et al., 2011; Marchetti and Drent, 
2000; Mazza et al., 2018; van Oers et al., 2005; but see Guillette et al., 2015), our 
findings do not support a speed-accuracy trade-off. I found a positive correlation 
between associative learning performance and boldness, but not exploratory 
behaviour. Importantly, a relationship between boldness or exploratory behaviour 
and reversal learning performance was absent. Considering the negative 
correlation between associative and reversal learning performance, there is a small 
potential for variation in reversal learning performance to be maintained through 
heritable among-individual variation in boldness. However, it seems that these 
differences cannot be identified at the resolution of the performance criterion I 
used in this study.  
 
To conclude, cognitive flexibility is challenging to isolate, as it requires the 
combined used of several aspects of executive function. As a result, task 
performance will depend on task setups and scoring methods, possibly explaining 
not only the limited repeatability and heritability in our study, but also the highly 
variable findings across studies, as even the same performance measures (e.g. trials 
to criterion) can have different meanings across studies. In Chapter	2 I argue that 
disentangling the different mechanisms underlying reversal learning performance, 
identifying the repeatability and heritability of each of these components and 
relating them to associative learning and personality traits will be a crucial step 
towards a better understanding of any trade-offs between learning, flexibility and 
personality. I then propose that future studies should aim at associating multiple 
measures of a battery of cognitive functions to a battery of repeated personality 
traits, to see if these correlations hold at the among-individual level. Additionally, 
researchers interested in individual variation in cognitive flexibility could focus on 
the ability to use knowledge to improve foraging efficiency (an improvement rate, 
or learning curve). For example, one could study how much experience (e.g. 
number of errors or number of visits) it takes for an individual to perform optimally 

Chapter 6



173 

in the reversal learning task, meaning a shift towards a win-stay lose-shift strategy 
(needing only one non-rewarded visit to respond to the contingency switch) 
(Strang and Sherry, 2014; Benedict et al., 2023). To my knowledge, the repeatability 
and heritability of improvement rates have not been tested as of yet. Such a study 
would likely benefit from the recent suggestion to implement ‘learning reaction 
norms’: modelling the extent to which an individual gains cumulative experience 
by including an environmental axis representing an individual’s cumulative 
experiences to the traditional reaction norm approach (Barron and Robinson, 
2008; Wright et al., 2022). Such an approach would allow for the use of quantitative 
genetic approaches as I used in Chapter	2,	combining the learning reaction norms 
with animal models	to assess genetic variation in the reaction norm parameters.  

The	plastic	brain	
In Chapter	 2, I focused on the stable and heritable components of cognitive 
flexibility, finding low contribution of additive genetic variation. However, I also 
expected a significant contribution of plastic interactions between an individual’s 
genome and its environment to influence cognitive flexibility. Transcriptomics 
provide a useful tool to study plastic cognitive traits, because differences in gene 
expression can explain how the genome and epigenome interact with the 
environment to produce phenotypic differences. In Chapter	3,	4	and	5 I therefore 
made a switch from genetics to genomics to specifically focus on the dynamic 
aspects of the genome. I compared gene expression and epigenetic state across 
reversal learning phenotypes in order to identify associations between the 
regulation and expression of genes and reversal learning performance. For this I 
applied transcriptional profiling with RNA-seq combined with chromatin profiling 
with ATAC-seq and methylation profiling using EM-seq.  
 
Chromatin accessibility explains cell type heterogeneity in brain gene 
expression  
The striatum, hippocampus and cerebellum were the brain regions of focus in this 
thesis because of their hypothesized relevance to reversal learning performance. In 
Chapter	 3, I identified their molecular profiles and studied the identity and 
function of genes with localized expression patterns, as well as their regulatory 
elements. This to understand how differential regulation of genes in these brain 
structures control cognitive and behavioural functions. I observed strong 
differences in gene expression between the neuronal and non-neuronal nuclei from 
the striatum, which correlated well with differential expression patterns of samples 
collected from the mouse striatum, with enrichment of highly similar gene 
ontologies. Furthermore, I observed that the expression of genes with known 
relevance to the function of the striatum in reversal learning performance mostly 
showed significantly higher expression in the neuronal cell population. This 
included genes encoding receptors for dopamine, serotonin and glutamate, 
stressing the importance of cell type-specific gene expression analysis. Across brain 
regions I also found clear differences in gene expression, with differences between 
striatal neuronal nuclei and cerebellar nuclei being consistent across great tits, 
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mouse and rats, and genes with region-specific functions showing high localized 
expression patterns, such as DRD2, DRD5 and PENK in the striatum, EN2, CBLN1, 
GRIN2C and ZIC1 in the cerebellum and IFI30, C1QC and FEZF2 in the hippocampus.  
 
Generally, these differences in gene expression correlated strongly and positively 
with chromatin accessibility, indicating that chromatin accessibility underlies cell 
type heterogeneity within the striatum and across brain regions. Specifically, I 
observed that most cell type- and brain region-specific accessible regions were 
located in introns and distal intergenic regions rather than promoters. This is 
commonly observed in studies of (brain) tissue-specific chromatin accessibility 
(Fullard et al., 2018; Yin et al., 2020). This was most pronounced in neuronal nuclei-
specific cell populations, consistent with patterns of chromatin accessibility in the 
human brain (Fullard et al., 2018), but can also be explained by a higher 
heterogeneity of cell types in the non-neuronal samples. Differentially accessible 
chromatin regions in introns and distal intergenic regions are indicative of 
enhancers: distantly located cis-regulatory regions that mediate transcription via 
long-distance interactions with promoter regions (Perenthaler et al., 2019). 
Enhancer regions are bound by transcription factors on transcription factor 
binding sites (Lambert et al., 2018) and enhancer function typically underlies 
tissue-specific gene regulation (Spitz and Furlong, 2012). The results of Chapter	3 
underscore the function of variable chromatin accessibility across the genome in 
driving gene expression, and provide a basis for further exploration of mechanisms 
underlying stable and dynamic regulation of gene expression.  
 
Cognitive flexibility across taxa is explained by different genes underlying 
similar pathways 
In Chapter	4 and Chapter	5,	 I investigated the differences in gene expression 
between extreme ‘slow’ and ‘fast’ reversal learning great tits and mice. Despite a 
dissimilarity of differentially expressed genes between extreme ‘fast’ and ‘slow’ 
reversers across the two species, gene set enrichment showed parallels in the 
biological functions of these cross-taxa RNA-sequencing results. In the great tit 
striatum, genes related to taste response (PKD2L1) (Horio et al., 2010), the 
ubiquitin-protease system (USP5), important for synaptic plasticity (Mabb and 
Ehlers, 2010), and apoptotic signalling in neuronal cells (VWA3B) (Kawarai et al., 
2016) were differentially expressed. In the mouse striatum, genes related to 
neurogenesis (Eva1a, Sall3) and lipid homeostasis (PPARα), linked to brain 
dopamine function and loss of which promotes cognitive inflexibility (D’Agostino 
et al., 2015) were differentially expressed. Gene sets relevant to striatal functioning 
were differentially enriched between the reversal phenotypes in both species, such 
as neuron to neuron synapse, pathways of neurodegeneration and glutamate 
receptor binding, consistent with the role of glutamate synaptic signalling in 
reversal learning in both taxa. Glutamate receptors are involved in reward and 
extinction learning (Gao et al., 2019) and glutamatergic neurotransmission in the 
striatum is crucial for reversal learning performance in both birds and mammals 
(Lissek et al., 2002; Herold, 2010; Thonnard et al., 2019; Liu et al., 2020). A crucial 
difference between the species was the involvement of neuronal differentiation in 
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great tits compared to the involvement of angiogenesis in the mouse. Interestingly, 
angiogenesis rather than neurogenesis, was shown to be critical for learning and 
memory acquisition in mice and rats (Kerr et al., 2010; Lousada et al., 2023). 
Neurogenesis occurs much more broadly in the avian brain than in the mammalian 
brain (Barnea and Pravosudov, 2011). Whether the relative importance of 
neurogenesis versus angiogenesis reflects a true difference between great tits and 
mice would be an interesting avenue for further study.  
 
In the cerebellum, I also found involvement of different genes between the species, 
but with similar functions. In the great tit cerebellum, ALDH1A3, related to retinoic 
acid function and crucial for neurodevelopment (Durston et al., 1989; Matsumoto 
et al., 1998; Parenti and Cicirata, 2004), and IDUA, lack of which causes 
neurodegeneration through dysfunctional lysosomal storage and impairs long-
term memory formation (Reolon et al., 2006), were among the differentially 
expressed genes. In the mouse cerebellum, I found overexpression of INPP5D in 
slow learners, which negatively regulates immune signalling and expression of 
which increases as Alzheimer’s disease progresses (Tsai et al., 2021). Interestingly, 
an intronic SNP in INPP5D that was associated with a lowered risk of Alzheimer’s 
disease, was also associated with lower protein expression of IDUA (Heath et al., 
2022), providing a potential link between IDUA and INPP5D. The ribosome pathway 
was significantly activated in fast learners of both species. Local protein synthesis 
is crucial for memory formation and synaptic plasticity, suggesting that slow 
learners have altered protein translations compared to fast learners. Additionally, 
there were overlapping pathways related to metabolism, such as protein metabolic 
processes and oxidative phosphorylation. Considering the high energetic costs of 
information processing in the cerebellum, most neurons of which show extremely 
high intrinsic activity that is modulated during learning , and given the energetic 
costs that come with associated learning and memory performance (Laughlin, 
2001), it seems intuitive that individual differences in energy metabolism or 
allocation may underlie individual differences in cognitive performance in both 
species.  
 
Surprisingly, gene expression differences in between fast and slow reversing great 
tits were negatively correlated between the cerebellum and striatum, with opposite 
patterns of gene expression in pathways related to cilium functioning and cell 
projection assembly. Both striatal and cerebellar neurons play a role in the 
processing of rewards and encode prediction errors (Cools et al., 2002; Schultz, 
2006; Klanker et al., 2015, 2017; Wagner et al., 2017; Pierce and Péron, 2022). 
Perhaps upregulation of these pathways in the striatum in slow learners causes 
stronger stimulus-reward memories to be formed which are more difficult to 
reverse (Aljadeff and Lotem, 2021), whereas upregulation of these pathways in the 
cerebellum of fast learners ascertain proper normal cerebellar error sensitivity. 
Whether this means an opposite requirement of these pathways in different brain 
regions in relation to the reversal learning process remains to be studied. 
 

General Discussion

Ch
ap

te
r 

6



176 

For the hippocampus, I only explored gene expression data originating from great 
tits. Here, among others the genes FANCM, part of a repair pathway involved in 
neurogenesis and important for survival and maintenance of neural progenitor 
cells (Sii-Felice et al., 2008), and MLC1, a gene that predicts dementia status (Simon 
et al., 2018), were differentially expressed. Differences in gene expression were 
generally small and perhaps consequently no GO or KEGG terms were significantly 
enriched in the hippocampus, perhaps suggesting that performance on our reversal 
learning task is not hippocampus-dependent. Indeed, in mammals the 
hippocampus was shown to be less crucial for shifting behavioural strategies than 
the striatum (Regier et al., 2015). Whereas the relative contribution of the 
hippocampus to reversal learning performance as measured in this thesis may be 
lower, the striatum and hippocampus likely work in concert to influence cognitive 
flexibility. The striatum receives projections from the hippocampus (Atoji et al., 
2002; Husband and Shimizu, 2011), and I found that gene expression differences 
between the reversal phenotypes were correlated between the hippocampus and 
striatum. The hippocampus plays a crucial role in avian spatial learning and 
memory (Mayer et al., 2013; Pravosudov et al., 2013) and is frequently discussed 
as a candidate region for spatial reversal learning, specifically the role of 
hippocampal neurogenesis in proactive interference (Epp et al., 2016; Anacker and 
Hen, 2017; Tello-Ramos et al., 2019). Sharpe et al., (2019) suggest that the 
hippocampus provides information about the structure of the environment, 
whereas the striatum supports appropriate action selection. Crucially, information 
from both structures is integrated in the mammalian cortical regions to contribute 
to flexible behaviour. Since the nidopallium caudolaterale is the functional avian 
equivalent to the mammalian cortex (Güntürkün and Bugnyar, 2016), this is likely 
where integration of these signals occurs in the avian brain. Lesions and dopamine 
glutamate receptor blockades have indicated the critical contribution of this brain 
region to reversal learning ability (Hartmann and Güntürkün, 1998; Diekamp et al., 
2000; Lissek et al., 2002), which would therefore be a promising brain region to 
include in future research on neurogenetic mechanisms of cognitive flexibility.  
 
Altogether, these result show that in each brain region and each species, unique 
genes are differentially expressed between fast and slow reversal learners, in 
accordance with the distinct functions of the striatum, hippocampus and 
cerebellum in reversal learning ability. Most enriched gene ontology terms 
overlapped within brain regions rather than within species, suggesting that brain 
region-specific involvement of molecular mechanisms underlying reversal learning 
performance. This could suggest that between-individual differences across 
species have evolved from different genes with shared functional pathways 
(Rittschof and Robinson, 2014). Differentially expressed genes were not shared 
between species, in contrast to cross-species gene expression patterns for other 
behavioural traits, such as affective disorders across zebrafish, rats and humans 
(Demin et al., 2022) and personality traits across different fish species (Rey et al., 
2021). Perhaps the gene correlates of reversal learning performance are indeed 
species specific, or the lack of overlap could be due to power limitations, explaining 
why we find different genes to be differentially expressed, but similar enrichment 
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of gene sets. Currently, the species-specify of the contribution of identical genes to 
individual variation in cognitive flexibility remains unresolved. Whereas midbrain 
dopamine D2 receptor density was correlated with reversal learning in mice 
(Laughlin et al., 2011), neither dopamine D1 and D2 receptor expression correlated 
with reversal learning in red junglefowl (Boddington et al., 2020). However, 
expression of serotonin receptor genes (5HT2A and 5HT2B) was linked to reversal 
learning performance (Boddington et al., 2020), consistent with the role of cortical 
serotonin in reversal learning ability in mammals (Brigman et al., 2010). The extent 
to which the same genes underlie individual variation in similar phenotypes across 
species will remain an important question to understand the translatability of 
findings from one study system to another, but also to uncover mechanisms 
underlying behavioural adaptation (Jourjine and Hoekstra, 2021).  
 
Cognitive flexibility is explained by chromatin accessibility and gene 
expression, but only to a small extent  
In Chapter	5, I studied to what extent patterns of differential gene expression 
between fast and slow reversal learners are explained by differences in epigenetic 
mechanisms. I found a positive correlation between differential gene expression 
and differential chromatin accessibility between striatal neurons from fast and 
slow reversal learners, specifically when focusing on promoter and intronic 
regions. This means that genes associated with chromatin opening are more likely 
to be upregulated, and vice versa, in relation to reversal learning performance. 
Furthermore, all differentially accessible regions in striatal neurons of fast and slow 
reversers resided in intronic and intergenic genomic regions, rather than promoter 
regions. This is consistent with the functional significance of distal enhancers in 
gene expression (Corces et al., 2018; Sigalova et al., 2020) and consistent with the 
findings in Chapter	3. Cis-regulatory enhancers can regulate multiple genes, and 
can be located very distant from the TSS of the gene they control and including in 
the introns of other genes (Perenthaler et al., 2019), explaining why the association 
between chromatin accessibility in these regions is less predictive of the expression 
of its nearest gene. In hippocampal neurons, I found no differentially accessible 
regions between fast and slow reversal learners and no evidence for any 
correlation between chromatin accessibility and gene expression. This may suggest 
that, in contrast to in the striatum, differential hippocampal functioning is not 
regulated via chromatin accessibility. This also reflects the relatively small 
differences in gene expression in the hippocampus as discussed above and suggest 
that differential gene regulation in the hippocampus between fast and slow 
reversers may not be as relevant to reversal learning performance.  
 
The genes with differentially accessible regions in the striatum have a link to 
reversal learning ability. Differential accessibility of intronic regions of the gene 
KDM4C and SPP2 suggests that negative regulation of BDNF is linked to reversal 
learning ability in the striatum of great tits (Deogracias et al., 2012; O’Sullivan and 
Dev, 2013; Cascante et al., 2014; Motyl and Strosznajder, 2018). Increased 
accessibility in distant intergenic regions of GALNT9 and NT5E in fast reversal 
learners hint at a role for neuronal plasticity (Cunha, 2001; Zimmermann et al., 
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2012; Ena et al., 2013a; Sun et al., 2019), and increased accessibility in distant 
intergenic regions of DUSP10 and CHMP2B in slow reversers suggest differential 
neurodevelopment underlying differences in reversal leaning ability (Ghazi-Noori 
et al., 2012; Kim et al., 2016; Clayton et al., 2022). Increased accessibility of a distant 
intergenic region of the gene TMEM18 in slow reversers suggests that individual 
variation in reward sensitivity may underlie variation in reversal learning 
performance (Larder et al., 2017). Furthermore, genes that show concordant 
patterns of gene expression and open chromatin in promoter regions in striatal 
neurons were enriched for functions including postsynaptic membrane potential 
and neurotransmitter receptor activity. This suggests that genes in pathways 
relevant to the function of the striatum in a reversal learning task are potentially 
regulated by differential chromatin accessibility of the promoter. 
 
However, the correlation patterns we observe in Chapter	 5 are strikingly less 
strong than the clear relationship we observed between chromatin accessibility 
and gene expression in relation to cell type differences in Chapter	3, and there was 
no differential expression of any of the genes that contained a differentially 
accessible region, or vice versa. We can hypothesize that, compared to cell type 
differences in gene expression, many more factors determine the gene expression 
differences related to a behavioural phenotype, which are generally less distinctive 
and more gradual. Whereas cell differentiation largely relies on epigenetic 
regulatory elements to modulate gene expression (Ong and Corces, 2011), 
differential gene expression underlying behavioural differences can be regulated 
by many additional factors including environmental influences and gene-behaviour 
feedback loops, acting via multiple regulatory pathways (Fischer et al., 2021). 
Altogether, our results suggest that although, at least in the striatum, differential 
chromatin accessibility partially explains the variation in gene expression patterns 
that correlate with reversal learning performance, chromatin accessibility alone 
does not explain the variation in gene expression and that likely other regulatory 
mechanisms are also at play.  
 
For example, in addition to differences in chromatin accessibility, I also found 
multiple differentially methylated sites in the striatum in relation to reversal 
learning performance, and an expected correlation between an increase in CpG site 
methylation and a decrease in expression of the associated gene, specifically for 
CpG sites in the promoter and TSS regions. Genes carrying differentially methylated 
sites were related to functions such as regulation of synapse assembly and 
neurogenesis, meaning that differential expression of genes with these functions in 
relation to reversal learning performance is to some extent established by 
differences in DNA methylation. We found that 15 genes contained a differentially 
methylated site in the transcription start site, including the thyroid hormone 
receptor THRB, which is associated with learning and cognitive abilities and plays 
a modulatory role in striatal gene expression (Bernal, 2000) and APBB2, involved 
in the formation the senile plaques that are characteristic for Alzheimer’s disease 
and linked to cognitive impairment (Golanska et al., 2013). Other genes were less 
strongly linked to cognition, but had a direct link to behaviour, such as solute 

Chapter 6



179 

transporter SLC35F2 which was among the top SNPs for anxious temperament in 
several brain areas including the striatum (Gonda et al., 2021). Yet other genes are 
associated with neural system development (LRTM1, FLCN) (Kenyon et al., 2016; 
Samata et al., 2016) and neuronal signalling (SLC35A48) (Richard et al., 2001). 
Together, these findings indicate a functional role for DNA methylation in 
regulating gene expression variation in relation to learning and behaviour, as well 
as neuronal structure and development.  
	
Collectively, the results from Chapter	 4	 and	 Chapter	 5 support the idea that 
transcriptomic and epigenomic signatures differ between individuals that vary in 
their reversal learning performance, that these differences are brain region-
specific, and that these differences correlate across genomic and epigenetic 
functions, especially in the striatum. In the species comparison, most overlapping 
gene ontology terms occurred within brain regions, suggesting that even across-
taxa, individual differences in reversal learning performance are brain region-
specific. Furthermore, such common molecular correlates of reversal learning in 
great tits and mice support the idea that in fact the same phenotype is being 
assessed with this task across species.  

Future	research	
Future ideas for epigenomics of cognitive flexibility 
In this thesis, I performed pairwise analyses, but subtler relationships between 
gene expression and anatomically distinct regions as well as behaviourally distinct 
phenotypes can in the future be explored in more detail by performing gene co-
expression network analysis. Such an approach can be used to identify networks of 
genes that are active simultaneously, which can be very informative, because genes 
with similar expression patterns are likely to share functions (van Dam et al., 2018). 
Whereas pairwise comparisons focus on distinct expression profiles, co-expression 
patterns might reveal condition-specific gene modules as well as shared expression 
networks across brain regions or reversal learning phenotypes. In addition, gene 
co-expression networks can aid in predicting the regulatory role of non-coding 
RNAs, which also play a role in epigenetic regulation (Aristizabal et al., 2020; Chen 
et al., 2022). This approach can be combined with, and applied to, other epigenetic 
marks such as DNA methylation or chromatin accessibility to identify regulatory 
elements and transcription factors that affect the expression of genes in top-ranked 
(e.g. brain region- or phenotype-specific) modules to obtain a complete view on the 
gene regulatory network (Yin et al., 2020). Such an approach was for example used 
to conclude that differentially methylated regions, via induction of differential 
chromatin accessibility, were causal to gene expression differences in Alzheimer’s 
disease (Wang et al., 2023). Another important addition to the current epigenetics 
works will be the identification of the transcription factor binding sites in the 
putative enhancer regions we identified. Enhancer regions are likely to harbour 
motifs, specific sequences that transcription factors can bind to (Klemm et al., 
2019). Assessing which motifs are enriched in differentially accessible regions can 
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provide a prediction about the transcription factors that are involved, which could 
be linked to the expression patterns of those genes (Yan et al., 2020).  
 
The approach I used in Chapter	 4	 and	 Chapter	 5 was to assess differential 
expression, accessibility and methylation and to test enrichment of biological 
processes between individuals differing in reversal learning performance. 
Although this approach has been useful to obtain potential regulators of natural 
variation in cognitive flexibility, it comes with two important downsides. Firstly, we 
here assess the gene expression of individuals of extreme ‘fast’ and ‘slow’ 
phenotypes, whereas the phenotype ‘trials to criterion’ is continuous. Such a 
reduction to binary phenotypes may lead to information loss. This might be 
resolved by applying linear regression analysis to associate the continuous reversal 
learning phenotype with the genomic data, although this approach would be most 
informative if many more individuals are included in the dataset, including 
individuals performing at intermediate levels (Fanter et al., 2022). With sequencing 
data from enough individuals, one could even include measures of personality traits 
in the model, to assess whether differences in brain gene expression between 
different reversal learning phenotypes are personality-specific. This would be 
interesting, because individual differences in reward processing is not only an 
important component of cognitive flexibility, but also of personality, and the two 
behaviours may partially be explained by the same neurobiological mechanisms 
(Coppens et al., 2010). Secondly, the results presented in this thesis are only 
correlational, and therefore do not allow us to identify cause and effect. Targeted 
gene knockouts to can provide a functional validation of the role of specific genes 
to reversal learning ability (Moore et al., 2021). However, naturally occurring 
variation in cognition is expected to be regulated by many genes of small effect 
(Rittschof and Robinson, 2014). Therefore, although the idea to manipulate gene 
function is intuitively attractive, though perhaps less feasible in non-model species, 
the question is to what extent this would be helpful in understanding the 
mechanisms underlying a complex trait like reversal learning ability.  
 
The combined results of Chapter	2,	Chapter	4	and Chapter	5 suggest that there is 
still a great deal of individual variation unaccounted for. An interesting approach 
for the field of behavioural ecology would be to focus on the question how cognitive 
flexibility is shaped by genetic and environmental (during developmental phases 
as well as later in life) influences, the role of epigenetics therein, and whether 
cognitive flexibility is favoured by selection (Boogert et al., 2018). One could for 
example assess whether (early) life experiences can lead to altered cognitive 
flexibility, and whether that coincides with epigenetic changes and fitness 
consequences (Dunlap and Stephens, 2012; Morand-Ferron et al., 2016). Several 
great examples exists of such studies, showing effects of early-life predator 
experience and cortisol treatment (Bannier et al., 2017; Reyes-Contreras and 
Taborsky, 2022), natal brood size and growth rate (Nettle et al., 2015) and varying 
effects of natural variation in developmental stress (Bebus et al., 2016; Sonnenberg 
et al., 2022) on reversal learning performance. Experimental work on early 
developmental effects is relatively easy to execute in wild great tits and has been 
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shown to affect DNA methylation of behaviourally relevant genes (Sepers et al., 
2021). It would be very interesting to combine such work with measurements of 
reversal learning performance and fitness traits.  
 
Estimating selection 
The RFID-based feeder setup that I used in this thesis has been designed to not only 
assess reversal learning performance in captive, but also wild great tits. This 
collected data may in the future be used to quantify the heritability of reversal 
learning performance in a natural population, using animal models based on 
available pedigree data (Quinn et al., 2016). Furthermore, this data may be used to 
quantify fitness consequences. Current evidence for fitness consequences is mixed, 
showing a negative relationship (Madden et al., 2018) and no relationship between 
reversal learning ability and survival (Sonnenberg et al., 2019). If there would be 
selection, this is likely to be spatially as well as temporally heterogeneous, and thus 
ideally, such a study would be performed on data collected over several years and 
ideally over different populations (Mouchet et al., 2021). Inclusion of additional 
behavioural traits will be fruitful to also test for indirect and/or correlational 
selection using multivariate selection analysis (Lande and Arnold, 1983; Morrissey, 
2014), because selection will likely not act on these behavioural traits in isolation. 
For example, reversal learning ability was negatively associated with novel feeder 
discovery, suggesting that individuals with worse cognitive performance use a 
different foraging strategy and rely more on their ability to actively search novel 
food sources (Heinen et al., 2021). It would also be interesting to assess whether 
there exist population-level differences in cognitive flexibility between urban and 
rural great tit populations (Salmón et al., 2021), the role of environmental 
variability in such a relationship (Vardi and Berger-Tal, 2022), and whether these 
differences would be inherited or acquired through experience.  

Concluding	remarks	
In this thesis, I investigated the causal mechanisms underlying cognitive flexibility 
using the reversal learning paradigm. I showed that reversal learning performance 
is marginally repeatable, and not explained by additive genetic variation in great 
tits. This indicates that reversal learning performance has low evolutionary 
potential, but also suggests the influence of many unaccounted internal and 
external sources to explain individual variation in performance. Further studies 
will benefit from a careful exploration of why individuals make certain choices as 
they progress through the task, and how these choices are influenced by 
personality traits and previous experience. To explore the contribution of plastic 
aspects of the genome to reversal learning performance, I made use of innovative 
transcriptomic and epigenomic sequencing tools to reveal brain region-specific 
regulation of gene expression. I identified molecular (epi)genetic candidates for 
reversal learning performance, and showed how chromatin accessibility and DNA 
methylation relate to differential gene expression. Altogether, the results of this 
thesis have brought us closer to understanding individual variation in cognitive 
flexibility. This opens up opportunities for studying neurobiological aspects of 
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cognitive flexibility in an ecological model species, the great tit. In this thesis, the 
first steps have been made to comprehend how the genome dynamically interacts 
with the environment, and how the epigenome integrates past experiences to 
regulate individuality in cognitive flexibility. These findings provide a basis for 
future work integrating the causal mechanisms of cognitive flexibility into ultimate 
studies, thereby unravelling how those mechanisms shape, and are shaped by the 
evolutionary trajectory of individual variation in cognitive flexibility.  
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Summary		
 
The conditions in which an organism finds itself can change over different time 
intervals, both within a lifetime and across generations. Rapid and extensive 
environmental changes induced by human activities are found to occur more 
frequently, and behavioural changes are an important mechanism allowing species 
to adapt to changing environmental conditions. Cognitive flexibility, the ability to 
adaptively change a learned behaviour in response to changed contingencies in the 
environment has been postulated to be of high importance for individuals living in 
rapidly fluctuating environments. To predict whether and how selective pressures 
caused by environmental changes will drive the evolution of cognitive flexibility, 
we need a better understanding of the causes of individual differences within a 
population.  
 
Causes of individual variation in cognitive flexibility may be shaped by genetic, 
developmental, and environmental factors leading to differences in functioning of 
the neurobiological systems that support cognitive flexibility. However, despite the 
ecological relevance of cognitive flexibility, the way individuals vary in this ability 
and which mechanisms shape the expression of cognitive flexibility, has seldom 
been investigated in an ecologically relevant system. The aim of this thesis was 
therefore to explore the causes of individual differences in cognitive flexibility 
using the great tit (Parus major), as a model system. Where possible, I directly 
linked these findings to already validated rodent models, to better understand how 
findings in rodent species could be used to make predictions in ecologically 
relevant species. I developed a high-throughput reversal learning task to assess 
cognitive flexibility repeatedly in a large number of individuals, in order to assess 
to what extent reversal learning is repeatable and heritable in the great tit (Chapter	
2). To explore the molecular mechanisms underlying cognitive flexibility, I first 
investigated how chromatin accessibility contributes to cell type heterogeneity and 
tissue specificity of brain regions relevant to reversal learning performance 
(Chapter	3) and then assessed whether individual differences in reversal learning 
performance are explained by variation in chromatin accessibility and gene 
expression in these brain regions (Chapter	4	and	5).  
 
In Chapter	2, I showed that the repeatability of reversal learning performance is 
relatively low, indicating that individuals vary in performance across repeated 
measures. Whereas I found that individual variation in boldness is linked to 
associative learning performance, I did not see a link between personality and 
reversal learning performance. I observed a negative link between associative and 
reversal learning performance, indicative of a trade-off between learning and 
flexibility. Lastly, I found no evidence for a heritable basis of reversal learning 
performance, suggesting limited potential for cognitive flexibility to evolve. 
 
In Chapter	3	I found that distinct patterns of gene expression between different 
brain regions, and cell types within those brain regions, are associated with 
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differences in chromatin accessibility. Most cell type- and brain region-specific 
accessible regions are located in intronic and distal intergenic regions, whereas 
promoter accessibility is most predictive of gene expression variation. This 
suggests the presence of cell type-specific enhancers, which regulate gene 
expression elsewhere.  
 
In Chapter	 4	 and Chapter	 5 I studied to what extent epigenomic and 
transcriptomic differences explain individual variation in cognitive flexibility. I 
found that individuals differing in reversal learning performance show subtle 
differences in gene expression, with different processes involved depending on the 
brain region. Different genes are involved in reversal learning ability between great 
tits and mice, although some have overlapping functions, such as energy 
metabolism in the cerebellum and synaptic functioning in the striatum. In the 
striatum, but not in the hippocampus, I found that differences in chromatin 
accessibility were positively linked to gene expression, especially in promoter and 
intronic regions. However, the majority of differentially accessible regions were 
located in distal intergenic regions. DNA methylation was negatively linked with 
gene expression and chromatin accessibility, and DNA methylation differences 
were observed in genes involved neural development.  
 
Altogether, the results of my thesis have brought us closer to understanding what 
causes individual variation in cognitive flexibility in the great tit. The contribution 
of heritable genetic variation is too low to detect, suggesting that cognitive 
flexibility resembles a direct response to variation in the current and past 
environment. Especially the contribution of an individual’s short-term and long-
term cumulative experience is likely to be high, and I argue that these carry-over 
effects will be a fruitful avenue for further study. Epigenetic factors play a major 
role in explaining the molecular mechanisms underlying cognitive flexibility. Since 
epigenetic marks can be altered as a result of experiences and maintain over longer 
time spans, they are likely to underlie this information storage. Indeed, we find that 
two dynamic aspects of the genome, DNA methylation and chromatin accessibility, 
are both associated to gene expression variation in relation to cognitive flexibility. 
In the bird brain, I found that this is particularly true for the striatum, a brain region 
involved in reward learning. In the future, careful experimental work is needed to 
investigate how experience-driven epigenetic changes interact with the genome to 
affect individual variation in cognitive flexibility. This knowledge will be pivotal to 
understand the role for cognitive flexibility in adaptation in response to rapid 
climate change. 
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Samenvatting	
 
De omstandigheden waarin een organisme zich bevindt, kunnen veranderen over 
verschillende tijdsintervallen, zowel binnen een leven als tussen generaties. Snelle 
en wijdverspreide milieuveranderingen veroorzaakt door menselijke activiteiten 
komen steeds vaker voor. Gedragsveranderingen zijn een belangrijk mechanisme 
waarmee soorten zich kunnen aanpassen aan zulke veranderende 
omgevingsomstandigheden. Cognitieve flexibiliteit, het vermogen om aangeleerd 
gedrag adaptief te veranderen, wordt verondersteld van groot belang te zijn voor 
individuen die leven in snel fluctuerende omgevingen. Om te voorspellen of en hoe 
selectiedrukken die worden veroorzaakt door milieuveranderingen de evolutie van 
cognitieve flexibiliteit teweeg kunnen brengen, hebben we een beter begrip nodig 
van de oorzaken van individuele verschillen binnen een populatie. 
 
Zowel genetische, ontwikkelings- alsook omgevingsfactoren kunnen ten grondslag 
liggen aan individuele variatie in cognitieve flexibiliteit. Al deze factoren leiden tot 
verschillen in de werking van neurobiologische systemen die cognitieve flexibiliteit 
ondersteunen. Ondanks de ecologische relevantie van cognitieve flexibiliteit is er 
nog weinig onderzoek gedaan naar de manier waarop individuen verschillen in 
deze vaardigheid en welke mechanismen de expressie van cognitieve flexibiliteit 
bepalen in een ecologisch relevant onderzoekssysteem. Het doel van dit 
proefschrift was dan ook om de oorzaken van individuele verschillen in cognitieve 
flexibiliteit te onderzoeken met de koolmees (Parus major) als modelorganisme. 
Waar mogelijk heb ik deze bevindingen direct gekoppeld aan reeds gevalideerde 
knaagdieren, om beter te begrijpen hoe bevindingen bij modelsoorten kunnen 
worden gebruikt om voorspellingen te doen bij ecologisch relevante soorten. Ik heb 
een testapparaat ontwikkeld waarmee ik het omleervermogen van koolmezen kan 
meten om cognitieve flexibiliteit herhaaldelijk te testen bij een groot aantal 
individuen. Dit stelde mij in staat om te bepalen in hoeverre het omleervermogen 
consistent en erfelijk is in de koolmees (Hoofdstuk	 2). Om de moleculaire 
mechanismen die ten grondslag liggen aan individuele verschillen in cognitieve 
flexibiliteit te onderzoeken, heb ik eerst bepaald hoe de compactheid van 
chromatine bijdraagt aan celtype- en weefsel-specifieke genexpressie in 
hersengebieden die relevant zijn voor het omleervermogen (Hoofdstuk	 3). 
Vervolgens heb ik getest of individuele verschillen in het omleervermogen kunnen 
worden verklaard door variatie in chromatine-toegankelijkheid en genexpressie in 
deze hersengebieden (Hoofdstuk	4	en	5). 
 
In Hoofdstuk	2 heb ik aangetoond dat het omleervermogen beperkt consistent is, 
wat aangeeft dat individuen variërend presteren bij herhaalde metingen. Hoewel ik 
heb vastgesteld dat individuele variatie in brutaalheid is gekoppeld aan het 
associatief leervermogen, vond ik geen verband tussen 
persoonlijkheidskenmerken en omleervermogen. Ik vond een negatieve verband 
tussen associatief leervermogen en omleervermogen, wat duidt op een trade-off 
tussen leren en flexibiliteit. Ten slotte vond ik geen bewijs voor een erfelijke basis 

Samenvatting



224 

van omleervermogen, wat wijst op beperkt potentieel voor de evolueerbaarheid 
van cognitieve flexibiliteit. 
 
In Hoofdstuk	 3 heb ik aangetoond dat patronen van genexpressie verschillen 
tussen hersengebieden, en celtypes binnen die hersengebieden. Bovendien zijn 
deze verschillen geassocieerd met variatie in chromatine-compactheid. De meeste 
celtype- en hersengebied-specifieke toegankelijke chromatineregio's bevinden zich 
in intronische en distale intergene regio’s, terwijl toegankelijkheid van promotors 
het meest voorspellend is voor variatie in genexpressie. Dit suggereert de 
aanwezigheid van celtype-specifieke ‘enhancers’, die elders op het genoom 
genexpressie reguleren. 
 
In Hoofdstuk	4 en Hoofdstuk	5 heb ik onderzocht in hoeverre individuele variatie 
in cognitieve flexibiliteit kan worden verklaard door epigenomische en 
transcriptomische verschillen. Ik heb vastgesteld dat individuen die verschillen in 
omleervermogen, subtiele verschillen in genexpressie vertonen. De genen die 
verschillend tot expressie kwamen zijn betrokken bij een reeks aan processen die 
afhangen van het hersengebied waar ze tot expressie komen. Hoewel sommige 
genen overlappende functies hebben, zoals energiemetabolisme in het cerebellum 
en synaptische werking in het striatum, zijn uiteenlopende genen zijn betrokken bij 
het omleervermogen bij koolmezen en muizen. Ik heb vastgesteld dat in het 
striatum, maar niet in de hippocampus, verschillen in chromatine-compactheid en 
dus genoomtoegankelijkheid positief geassocieerd zijn met genexpressie, vooral in 
promotor- en intronische regio's. Het merendeel van de regio’s die verschil toonden 
in genoom toegankelijkheid tussen de snelle en langzame omleerders bevond zich 
echter in distale intergene regionen. DNA-methylatie was negatief geassocieerd 
met genexpressie en chromatine-compactheid, en verschillen in DNA-methylatie 
tussen snelle en langzame omleerders bevonden zich in genen die betrokken zijn 
bij neuronale ontwikkeling. 
 
Al met al hebben de resultaten van mijn proefschrift ons beter inzicht gegeven in 
de oorzaken van individuele variatie in cognitieve flexibiliteit bij de koolmees. De 
bijdrage van erfelijke genetische variatie is te laag om te detecteren, wat suggereert 
dat cognitieve flexibiliteit het resultaat is van een directe respons op variatie in de 
huidige en voorgaande omgeving. Vooral de bijdrage van een individuele korte- en 
lange-termijn-ervaring is waarschijnlijk groot, en ik beargumenteer dat onderzoek 
naar deze carry-over effecten een waardevolle toevoeging zouden zijn aan het 
huidige onderzoek. Epigenetische factoren spelen een belangrijke rol bij het 
verklaren van de moleculaire mechanismen die ten grondslag liggen aan cognitieve 
flexibiliteit. Aangezien epigenetische markeringen kunnen veranderen als gevolg 
van ervaringen en langere tijd behouden kunnen blijven, is het waarschijnlijk dat 
ze ten grondslag liggen aan de opslag en verwerking van opgedane informatie. 
Sterker nog, we vinden dat twee dynamische aspecten van het genoom, DNA-
methylatie en chromatine-toegankelijkheid, beide geassocieerd zijn met variatie in 
genexpressie gerelateerd aan cognitieve flexibiliteit. In het koolmeesbrein heb ik 
vastgesteld dat dit met name geldt voor het striatum, een hersengebied dat al 
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bekend stond betrokken te zijn bij het leren van beloningen. In de toekomst is 
zorgvuldig experimenteel werk nodig om te onderzoeken hoe 
ervaringsgerelateerde epigenetische veranderingen interageren met het genoom 
om individuele variatie in cognitieve flexibiliteit te beïnvloeden. Deze kennis zal 
essentieel zijn om de rol van cognitieve flexibiliteit als adaptatie via de reactie op 
snelle klimaatverandering te begrijpen. 
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