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3. Introduction 

3.1. Personalization in psychiatry 

Personalized medicine strives to assess proneness to disease, specify diagnosis and optimize response 

to intervention by taking into account individual phenomenology, (patho-)physiology, genetic 

predisposition and environment (Ozomaro et al., 2013). In comparison to other medical disciplines, 

e.g. oncology, psychiatry lags behind (Ozomaro et al., 2013). Psychiatry is particularly challenged by 

personalization (Marquand et al., 2016; Wardenaar & de Jonge, 2013) as most psychiatric constructs 

are defined by their phenomenological nature rather than based on etiological mechanisms. 

 

Major psychiatric diagnoses, e.g. schizophrenia, comprise heterogeneous clinical symptoms (Widiger 

& Clark, 2000; Widiger & Samuel, 2005) which might be the result of different underlying 

psychopathological substrates. Furthermore, high heterogeneity in pharmacological (Wong et al., 

2010) and non-pharmacological (Hofmann et al., 2012; Isaac & Januel, 2016) treatment response 

occurs due to heterogeneous clinical phenotypes. For this reason psychiatric syndromes are being 

stratified beyond phenomenology, including neurobiology and genetics to better understand possible 

etiological mechanisms or endophenotypes present in subtypes of the disease (Marquand et al., 2016; 

Wium-Andersen et al., 2017). Further, studies investigated predictors of treatment outcome related 

to cognitive and neural mechanisms (figure 1).  
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Figure 1. Research has stratified heterogeneous psychiatric diagnoses into subtypes to better understand underlying 
etiological mechanisms and improve response to psychiatric treatment. In schizophrenia neurocognition attracted attention 
as an important intermediate phenotype. The current doctoral thesis focusses on (1) neurocognitive subgroups and their 
relation to brain structure in ROP and (2) the impact of learning performance and functional brain characteristics on CCT. 
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In recent years progress in biomarker research and availability of advanced statistical techniques in 

psychiatry brought forward research on stratification of mental disorders (Marquand et al., 2016). 

Machine learning (ML) has been a major catalyst due to its potential to extract discriminant patterns 

of information among a large pool of (multimodal) input characteristics (Dwyer et al., 2018; Hebart & 

Baker, 2018). Furthermore, it approximates complex systems, e.g. the brain, where relationships 

appear more widespread and (non-linearly) interrelated (Davatzikos, 2004; Hebart & Baker, 2018; 

Lessov-Schlaggar et al., 2016). 

 

Large multicentric initiatives benefit from statistical advances as they acquire rich data bases allowing 

to characterize complex and generalizable cross-modal relationships. For example, the PRONIA 

(Personalized Prognostic Tools for Early Psychosis Management; www.pronia.eu) consortium, a 

European research project with study sites in Europe and Australia, has recruited individuals suffering 

from recent onset psychosis (ROP), recent onset depression or at clinical high risk for psychosis. Those 

individuals were characterized based on clinical, neurocognitive, neurobiological and genetical data 

over a period of 36 months. A main goal of the consortium is to identify subgroups of patients with 

homogeneous profiles and link them to clinical and functional outcome. ML can be a useful tool to 

disentangle the complex interplay between the different data modalities obtained and generate 

important knowledge to understand heterogeneity in psychiatric diseases.  
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3.2. Neurocognition in schizophrenia 

In schizophrenia the relevance of a cross-modal perspective is founded on the developmental 

hypothesis (Murray et al., 2017) which understands the disease as the result of maturational 

maladaptation and differentiates  genetical, neurobiological and environmental influences. 

Neurocognition attracted attention as an intermediate phenotype in recent years  (Gur et al., 2007; 

Kahn & Keefe, 2013). Dysfunctional interactions between neurocognition and social functioning or 

brain physiology perpetuate adverse conditions and behavior (e.g. difficulties in learning, social 

isolation, drug abuse etc.) which ultimately increase vulnerability to schizophrenia (Kahn & Keefe, 

2013; Murray et al., 2017). 

 

Importantly, neurocognitive deficits strongly relate to functioning and functional outcome (Gur et al., 

2007; Kahn & Keefe, 2013). Patients show general (Reichenberg in Payne et al., 2011) and specific 

neurocognitive impairment which interferes with social and occupational functioning (Bowie et al., 

2006; Kahn & Keefe, 2013; Mohamed et al., 2008). Verbal memory and processing speed exhibit 

strongest deficits (Sheffield et al., 2018). Further, they are associated with poor community 

functioning, social skill acquisition and problem solving (Green, 1996). 

 

However, heterogeneity in neurocognitive impairment in schizophrenia has been reported in 

numerous studies (Green et al., 2019) and dates back to Kraepelin describing ‘dementia praecox’ in a 

group of individuals with schizophrenia (Kraepelin et al., 1919). Affective and non-affective psychosis 

clustering studies, that use unsupervised ML to detect homogenous subtypes (see 3.3.2 for an 

explanation of the clustering method), often show three-subtype-solutions with different 

neurocognitive profiles. Findings in schizophrenia derive no clear consensus on number of subtypes 

and distinctive cognitive domains. Neurocognitive impairment varies from near-normal functioning to 

severe impairment and evidence converges only regarding the existence of a severely impaired 

subtype (Green et al., 2019). 
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Severely impaired neurocognitive subtypes show mixed clinical profiles across studies. While in some 

studies (Lewandowski et al., 2014; Wells et al., 2015) severe cognitive impairment includes burden on 

positive, negative and general symptoms, others find high negative symptoms in the impaired 

subgroup but significantly lower positive symptoms (Green et al., 2013). However, they are associated 

with a clear profile of general (Dickinson et al., 2020; Green et al., 2013; Van Rheenen et al., 2018; 

Wells et al., 2015) and occupational functioning deficits (Dickinson et al., 2020; Lewandowski et al., 

2014) emphasizing the relevance for targeted clinical care. 

 

Neurocognitive impairments have commonly been associated with structural and functional brain 

alterations in schizophrenia (Antonova et al., 2004; Fornito et al., 2011; Kim et al., 2018; Sheffield et 

al., 2017). Likewise, varying cognitive impairment in subgroups is reflected in differences in structural 

neural substrates suggesting differences in etiology (Geisler et al., 2015; Gould et al., 2014; Van 

Rheenen et al., 2018; Weinberg et al., 2016). For example, a study investigated grey matter differences 

(Van Rheenen et al., 2017) in a cross-diagnostic sample of individuals with  schizophrenia and 

schizoaffective disorder which was clustered into ‘preserved’, ‘deteriorated’ and ‘compromised’ 

subtypes previously (Wells et al., 2015). A unique pattern of brain volume atrophy across frontal, 

temporal, and occipital regions and significant overall brain volume reduction differentiated the most 

severely impaired subtype from the others.  

 

Most of the studies investigated neurocognitive heterogeneity in patients who suffer from chronic 

schizophrenia. In this case, prolonged antipsychotic medication intake might have influenced cognitive 

performance (Van Rheenen et al., 2017) and brain structure (Haijma et al., 2013). It remains unclear if 

cognitive heterogeneity is the consequence of illness progression and medication effects and if it is 

present early, i.e. at the illness onset, or even prior to outbreak of psychotic symptomatology. 
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3.2.1. Heterogeneity in treatment response to computerized cognitive trainings 

Cognitive deficits in psychotic disorders can be ameliorated through neuroplasticity-based 

computerized cognitive training (CCT; Biagianti et al., 2016; Harvey et al., 2018). CCT shows small to 

medium effect sizes on cognition (Kambeitz-Ilankovic et al., 2019; Keefe et al., 2012; McGurk et al., 

2007; Medalia & Saperstein, 2013; Prikken et al., 2019; Wykes et al., 2011) and functioning (Kambeitz-

Ilankovic et al., 2019; McGurk et al., 2007; Medalia & Saperstein, 2013; Prikken et al., 2019; Wykes et 

al., 2011) in schizophrenia-spectrum patients. 

 

It uses a ‘drill and practice’ strategy to stimulate neuro-plastic responses in maldeveloped brain areas 

(Dale et al., 2016, 2020; Subramaniam et al., 2012; Vinogradov et al., 2012). Repetitive training of low-

level perceptual processes engages primary sensory areas in visual or auditory cortex which propagate 

their input to higher-level brain regions. Therefore, CCT exploits neuroplasticity, i.e. the brain’s 

adaptability to stimulation (Keshavan et al., 2015), to specifically drive modulatory responses in the 

brain which ultimately translate to improvements in cognitive functioning (Vinogradov et al., 2012). 

For example, it has been shown to increase activity in frontal, parietal, occipital and thalamic regions 

implicated in working memory, attention and executive functioning (Matsuda et al., 2019; Ramsay & 

Macdonald, 2015). Importantly, the induced plastic modulation in such regions correlates with 

behavioral gains (Bor et al., 2011; Haut et al., 2010; Ramsay et al., 2017; Subramaniam et al., 2012, 

2014; Wexler et al., 2000; Wykes et al., 2002). 

 

Not only local changes in activity but specifically the strengthening of connections between sensory 

and higher-order brain areas promote response to CCT. Studies (Fan et al., 2017; Matsuda et al., 2019) 

support this assumption by e.g. reporting specific resting-state Functional Connectivity (rsFC) patterns 

in frontal and temporal brain regions after CCT which mediate global cognition and emotion perception 

and regulation (Eack et al., 2016; Keshavan et al., 2017). Additionally, low baseline cognitive 

performance has been associated with stronger increases in thalamo-frontal connectivity after 
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cognitive intervention (Ramsay et al., 2017). Likewise, studies tested the relevance of white matter 

micro-structure integrity (Subramaniam et al., 2018) and functional network modularity (Arnemann et 

al., 2015) in CCT and found a modulatory effect on attention and executive functioning. In sum, 

evidence suggests that rsFC together with white matter and brain network characteristics are 

important determinants for CCT success. 

 

Learning performance during neurocognitive intervention, which determines the quality of the 

learning stimulus administered to the brain, might be another important modulator of treatment 

response. A study evaluated the effects of training an auditory processing task in patients with 

schizophrenia (Biagianti et al., 2016). The results suggested that the average participant reached an 

auditory processing plateau (APS) after around 20 hours of training. Critically, the amount of training 

hours needed to reach APS, was highly variable between participants and significantly correlated with 

global gain in cognition. This suggests that learning performance, i.e. amount of sensory processing 

(SP) change during the intervention, influences improvements to untrained cognitive domains in CCT. 

 

CCT shows heterogeneity in treatment response (Isaac & Januel, 2016) which might be explained by 

differences in the brain’s susceptibility to neuroplastic processes and the quality of the learning 

stimulus (induced through different learning behavior) it is exposed to. Studies are needed to 

simultaneously account for both aspects when evaluating its treatment response.  
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3.3. Machine learning as tool to improve personalization  

ML can be described as a computational strategy that learns parameters at various stages of the 

analysis to find an optimal statistical model representative of the problem (Dwyer et al., 2018). Rooted 

in different philosophies (Bzdok & Meyer-Lindenberg, 2018; Hebart & Baker, 2018) classical statistics 

and ML provide complementary perspectives though several aspects of ML are especially suitable to 

improve personalization (Bzdok & Meyer-Lindenberg, 2018; Dwyer et al., 2018; Hebart & Baker, 2018): 

 

First, ML aims at prediction of conditions by learning from data rather than predicting data based on 

given conditions and fixed model parameters. Complex and highly interrelated multi-dimensional 

concepts, like psychopathology, are more likely to be approximated by such approaches as they are 

less constrained by apriori assumptions. Second, ML uses mutual information from many input 

variables, so-called features, and enables to find their most discriminative combination. Thus it 

supports the development of statistical models combining high-dimensional information from 

behavioral, neurobiological and genetical modalities. Third, ML predicts on the level of the individual 

rather than reporting average measures on the level of the group. Finally, ML models are evaluated 

based on the performance in a test data set excluded from the model generation (out-of-sample 

estimate). Therefore it increases generalizability as the model can be tested across different cultural 

backgrounds (e.g. eastern vs. western culture) and technical standards (e.g. magnetic resonance 

imaging [MRI] scanner properties) which is especially valuable in multicentric initiatives (Chen et al., 

2014). 

 

ML techniques are commonly subdivided into supervised methods, that base the generation of the 

model on given categorical or continuous labels, and unsupervised methods, that are used to infer 

underlying labels in the data set based on criteria of similarity. The current doctoral thesis applied 

Support Vector Machine (SVM) algorithms (supervised ML) and K-means clustering (unsupervised ML), 

which will be described in a nutshell in the following paragraphs (figure 2).  



Introduction   15 
 

 

Figure 2. ML techniques and nested cross-validation. (A) SVM algorithms fit a (hyper-)plane into a n-dimensional space by 
optimizing the margin, i.e. the distance between the hyperplane and the observations of each label (blue and red dots). (B) 
K-means clustering partitions a given data set into an apriori defined number k of subgroups by minimizing the within-cluster 
variation, i.e. the distance between the cluster centroid (asterisk) and individual observations. (C) Nested cross-validation 
splits the data set into training and test folds both on an outer and inner loop. Models generated on the inner loop training 
folds are first evaluated on the inner loop test fold and subsequently on the outer loop test fold. This procedure is repeated 
until each fold has been test fold. Nested cross-validation is conducted to (1) minimize overfitting, (2) assess model 
generalizability and (3) optimize model parameters.   
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3.3.1. Supervised machine learning  

A SVM algorithm is a ML technique commonly used in psychiatry due to its high interpretability (Dwyer 

et al., 2018). The linear SVM approach fits a decision boundary in the form of a plane (‘hyperplane’ 

when fitting to n > 3 dimensions) to classify two given labels, e.g. diagnostic entities (figure 2A; Cortes 

& Vapnik, 1995). The decision boundary describes an imagined border in high-dimensional space (e.g. 

in brain imaging data each voxel represents a dimension) separating the observations of the labels. 

The highest classification performance of an SVM is achieved by maximizing the distance of the 

decision boundary to the observations of each label (maximum margin SVM) and thereby maximizing 

the separation between the two groups (Cortes & Vapnik, 1995). 

 

In complex real-world data, however, a separation of groups using a linear kernel is often not possible. 

Therefore, the extent of the margin is optimized by manipulating the cost parameter (soft margin SVM; 

Cortes & Vapnik, 1995; Dwyer et al., 2018) to balance classification accuracy and generalizability. In 

detail, a high cost parameter leads to a narrow margin, fits the hyperplane closely to the observations 

and results in a high classification accuracy. In contrast, a low cost parameter extends the margin, 

tolerates a certain amount of misclassifications but is less likely to model noise in the data. Therefore, 

it increases generalizability to observations that have not been included in model generation. 

 

The process of optimization is commonly embedded into a scheme, e.g. nested cross-validation (figure 

2C), that strictly separates the data set for model generation (training data set) from the data set for 

model evaluation (test data set). Nested cross-validation splits the data set into training and test folds 

on an outer loop and additionally, on a nested inner loop. Models are generated on the training folds 

of the inner loop and evaluated on the inner loop test fold. Models revealing the highest performance 

are then tested against the test fold of the outer loop. This procedure is repeated until each fold of 

both outer and inner loop has been test fold. Nested cross-validation is established to (1) minimize 

overfitting, (2) evaluate the generalizability to external data (e.g. from another study site or acquired 
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using different technical devices), and (3) allow for optimization of model parameters (e.g. cost 

parameter). A comprehensive description of the nested cross-validation scheme applied in the papers 

of the doctoral thesis can be found in Koutsouleris et al. (2018). 

 

The SVM approach enables to integrate information from a multiplicity of inputs as the algorithm 

‘learns’ the weight of each feature when determining the position of the (hyper-)plane in the analyzed 

data space (Cortes & Vapnik, 1995). The weight holds information about how discriminative its 

associated feature is with respect to the investigated labels. The cumulative information of all features 

and weights for a given observation is represented by the decision value. This value captures the 

reliability of an observation to be classified as one label or the other. 

 

Therefore, SVM algorithms are capable of extracting the most informative features of multivariate data 

and express them in a single continuous scale. This property can be useful to monitor ‘multivariate’ 

changes over time in response to interventions which is shown in the second paper of the current 

thesis.   

 

3.3.2. Unsupervised machine learning 

Unsupervised (ML) methods, particularly clustering (Hastie et al., 2009) and finite mixture models 

(Bishop, 2006; Lazarsfeld, 1957; Muthén, 2002), are prominent tools for stratification in large data sets 

in psychiatry (Marquand et al., 2016). Such approaches automatically identify intrinsic structures in a 

data set based on statistical similarity and sort observations with the most coherent characteristics in 

multi-dimensional space. 

 

In K-means clustering single observations of a given data set are assigned to an apriori defined number 

k of subgroups with the objective to minimize the variation within a subgroup (James et al., 2021). 

Similarly to supervised ML, K-means clustering handles information from a multitude of variables by 
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placing observations in high-dimensional space. During the optimization process, the algorithm 

determines the distance of each observation to the centroids, which represent the center position of 

the k subgroups. Observations are assigned to the subgroup with the closest centroid to minimize the 

variation. 

 

Owed to the exploratory nature of the approach, free parameters, such as k, the measure of distance 

between the observations, and the definition of the centroid position, require extensive validation to 

hold meaningful results (Kassambara, 2015; Monti et al., 2003). Indices, e.g. the Calinski-Harabasz 

index (Caliñski & Harabasz, 1974) or the average silhouette width (Rousseeuw, 1987), measure the 

ratio between within-group closeness and between-group distance. Therefore, they provide means to 

evaluate the statistical separability. Furthermore, resampling, i.e. the process of repetitively drawing 

subsamples from a data set, can be used to obtain an estimate of stability of the subgroup assignments 

under varied conditions (Hennig, 2007). Importantly, as most unsupervised algorithms will output a 

partitioning result with potentially high statistical validity, external validation showing the 

discriminability of the subgroups with respect to other criteria is recommended. 

 

The first paper of the doctoral thesis uses K-means clustering to identify subgroups of patients based 

on their neurocognitive performance. To meet the demands for cluster validation, this approach is 

incorporated in a resampling scheme that tests the stability of the solution over several clustering 

iterations. The generalizability of the cluster solution is further assessed through validation in an 

independent sample. Finally, subgroups are evaluated by comparing clinical and functional 

characteristics and their grey matter brain structure.
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3.4. Research questions: Heterogeneity in neurocognition and CCT response 

In schizophrenia, heterogeneity in neurocognitive impairment and in therapeutic response to CCT has 

drawn attention to neurocognition and brain connectivity as potential markers for stratification and 

improvement of treatment. Recent implementation of ML in psychiatric research has promoted such 

findings. 

 

However, studies mainly investigated patients suffering from chronic schizophrenia and only a minority 

of studies characterized neurocognitive subtypes and response to cognitive intervention in early stages 

of the disease when patients are minimally affected by pharmacological treatment. Further, as yet no 

study has implemented information of both brain and learning phenotypes when investigating 

response to CCT. The doctoral thesis uses supervised and unsupervised ML to address the following 

research questions: 

 

1) Do ROP patients early in the course of the disease map onto different neurocognitive profiles? 

2) Can training response to 10 hours of CCT in ROP patients be monitored using rsFC patterns 

and learning performance? 
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3.5. Publication summaries 

3.5.1. ‘Cognitive subtypes in recent onset psychosis: Distinct neurobiological fingerprints?‘  

Previous studies suggest neurocognitive subtypes in chronic schizophrenia samples (Green et al., 

2019). Neurocognitive subtypes have been associated with structural brain correlates (Geisler et al., 

2015; Gould et al., 2014; Van Rheenen et al., 2018; Weinberg et al., 2016). Most studies included 

patients with chronic schizophrenia that have been treated with extensive antipsychotic medication 

affecting cognitive performance (Lewandowski et al., 2011) and brain structure (Haijma et al., 2013). 

Therefore, we investigated 108 patients with a recent psychotic episode (ROP) who were recruited in 

the multi-site EU project PRONIA (Prognostic tools for early psychosis management) and minimally 

exposed to antipsychotic treatment due to recent onset. We analyzed 8 neurocognitive domains 

capturing performance in social cognition, executive functioning, processing speed, attention, 

salience, working memory and verbal and visual memory. All domains were corrected for age, sex, 

education years and study site. A K-means algorithm clustered the sample into subtypes based on 

neurocognitive (dis-)abilities. We assessed stability of the cluster solution using resampling. Further, 

we characterized the obtained neurocognitive subtypes and healthy controls (HC; N=195) based on 

their grey matter volume of the brain using SVM classification. The clustering algorithm yielded a 

cognitively impaired (N=41) and a cognitively spared (N=67) subtype which were functionally distinct 

and validated in an independent psychosis sample (N=53). The cognitively impaired subtype showed 

widespread deficits in cognitive performance and social and occupational functioning in comparison 

to the cognitively spared subtype and HC. The impaired subtype showed significant increases and 

decreases across several fronto-temporal-parietal brain areas, including basal ganglia and cerebellum 

relative to HC (balanced accuracy = 60.1%; p = 0.01) whereas no significant grey matter differences 

were found for the other comparisons (spared vs HC: BAC = 55.4%, p = 0.09; impaired vs spared: BAC 

= 47.2%, p = 0.79). Our findings are in line with previous clustering results in chronic schizophrenia 

patients (Green et al., 2019). Our impaired subgroup reveals neurocognitive and functional difficulties 

together with a significant neuroanatomical signature presumably present prior to florid psychotic 
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symptoms. It supports the developmental hypothesis of psychosis (Murray et al., 2017) by showing 

decline in premorbid intelligence, general cognition and lower level of occupational functioning in early 

stages of the disease (Dickinson et al., 2020; Lewandowski, 2020). Our findings emphasize the 

relevance for early targeted treatment, e.g. through neurocognitive training, to improve the 

deteriorative course of the disease. 
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3.5.2.  ‘A multivariate neuromonitoring approach to neuroplasticity-based computerized 

cognitive training in recent onset psychosis’ 

Research has shown marked variability in response to CCT potentially due to different learning 

performance (Biagianti et al., 2016) and brain phenotypes (Arnemann et al., 2015; Subramaniam et al., 

2018). We investigated the effects of a neurocognitive intervention as function of individual SP change, 

i.e. learning performance, and rsFC patterns in 26 ROP patients. SP change during 10h of CCT was 

modeled during an emotion matching task (EMT). Presentation times of the stimuli, i.e. faces, during 

training were indicator for difficulty level, i.e. short presentation times refer to high difficulty while 

longer presentation times refer to lower difficulty. ROP patients showing high presentation times at 

baseline but reaching EMT psychophysical threshold over the course of the level, were classified as 

improver (N=12) whereas ROP patients sustaining low presentation times throughout the level, were 

classified as maintainer (N=14). To account for individual differences in rsFC, we trained a SVM 

hyperplane on a naturalistic sample of 35 ROPs and 56 HC of the PRONIA study (balanced accuracy = 

65.5%, p < 0.01). The rsFC hyperplane was applied to the 26 patients of the intervention study marking 

their position on a hypothetical continuum between ROP-likeness and HC-likeness before and after 

training. Our main results show that maintainers improve in attention though keeping their ROP status 

on the rsFC hyperplane at follow-up (p < 0.05). In contrast, improver’s attentional gains occurred only 

for those shifting to the HC-like side of the hyperplane. The study indicates that in early course of 

psychotic disorders learning performance and individual rsFC are likely modulators of cognitive training 

gains. Further, it shows the methodological feasibility to track individual brain characteristics to 

monitor success in neurocognitive interventions. The ML approach used might be a way to integrate 

complex data in early recognition and intervention programs, to develop targeted and effective 

neurocognitive treatments.
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3.6. Contribution to the publications 

Both publications are based on data sets acquired within the frameworks of the PRONIA (PI: Prof. Dr. 

Nikolaos Koutsouleris) and PNKT (‘Personalisiertes Neurokognitives Training zur Verbesserung des 

Funktionsniveaus bei Psychosen’; PI: Dr. Lana Kambeitz-Ilankovic) project. I have been involved in the 

acquisition of the PRONIA data set through recruitment of ROP patients from March 2018 until 

September 2019 in the working group for Neurodiagnostic Applications at the Ludwig Maximilian 

University of Munich (PI: Prof. Dr. Nikolaos Koutsouleris). In parallel, I have been involved in the 

recruitment of ROP patients for the PNKT project at the same study site. In both PRONIA (study site 

Munich) and PNKT project I have been responsible for the quality control of the magnetic resonance 

imaging data, which comprised documentation, artefact inspection and server upload of the 

generated brain images. 

 

I am the first author of the publication ‘Cognitive subtypes in recent onset psychosis: Distinct 

neurobiological fingerprints?‘. I have been involved in each step of the generation process of the 

publication. I have developed the concrete research question guided by literature search and an 

analysis proposal of the PRONIA consortium. Furthermore, I have derived the research hypotheses 

and developed the unsupervised clustering framework for the analysis using the programming 

languages R (https://cran.r-project.org/bin/windows/base/) and MATLAB 

(https://de.mathworks.com/products/matlab.html). Supervised by Dr. Kambeitz-Ilankovic and Prof. 

Dr. Koutsouleris I generated and interpreted the results of the analysis pipeline. I produced the draft 

of the manuscript and revised it in accordance with comments of the coauthors. I was responsible for 

the submission process to the journal and adapted the manuscript in accordance with suggestions by 

the reviewers. 

 

I am co-author of the publication ‘A multivariate neuromonitoring approach to neuroplasticity-based 

computerized cognitive training in recent onset psychosis’. Besides the measurement of rsFC changes 

in response to CCT, the modulation due to learning performance has been a critical element of the 
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publication. I was responsible for the quality control of the learning performance data in the PNKT 

project. Furthermore, I contributed to the publication by developing the methodological framework 

to analyze the learning performance in the data set. I assisted in further data analysis and in the 

interpretation of the results. Finally, I revised the draft of the manuscript.
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4. Summary 

High heterogeneity in psychiatric diagnoses (Widiger & Clark, 2000; Widiger & Samuel, 2005) and 

treatment response (Hofmann et al., 2012; Isaac & Januel, 2016; Wong et al., 2010) pose challenges in 

the process of personalization (Marquand et al., 2016; Wardenaar & de Jonge, 2013). Nonetheless, 

large multicentric initiatives and recent implementation of ML in psychiatric research have stimulated 

work on stratification of psychiatric diagnoses (Marquand et al., 2016). 

 

Neurocognition is a promising marker for stratification in schizophrenia. Recent findings of subgroups 

with differential neurocognitive impairment (Green et al., 2019), specific clinical (e.g. Lewandowski et 

al., 2014), and neurobiological correlates (e.g. Van Rheenen et al., 2018) underline this. However, the 

main body of evidence refers to samples of chronic schizophrenic patients often treated with extensive 

antipsychotic medication influencing cognitive performance (Lewandowski et al., 2011) and the brain 

(Haijma et al., 2013). The current work presents evidence on cognitive subtypes and their clinical, 

functional, and brain correlates in a sample of ROP patients using unsupervised and supervised ML 

techniques: 

 

Wenzel, J., Haas, S. S., Dwyer, D. B., Ruef, A., Oeztuerk, O. F., Antonucci, L. A., von Saldern, S., 
Bonivento, C., Garzitto, M., Ferro, A., Paolini, M., Blautzik, J., Borgwardt, S., Brambilla, P., 
Meisenzahl, E., Salokangas, R. K. R., Upthegrove, R., Wood, S. J., Kambeitz, J., … PRONIA 
consortium. (2021). Cognitive subtypes in recent onset psychosis: distinct neurobiological 
fingerprints? Neuropsychopharmacology : Official Publication of the American College of 
Neuropsychopharmacology, January. https://doi.org/10.1038/s41386-021-00963-1 

 
 
 
We find a cognitively impaired and cognitively spared subtype with clinically and functionally distinct 

characteristics accompanied by brain morphological changes. The characteristics of the impaired 

cognitive subtype support the developmental hypothesis of psychosis (Murray et al., 2017) by showing 

decline in premorbid intelligence, general cognition and lower level of occupational functioning in early 

stages of the disease (Dickinson et al., 2020; Lewandowski, 2020). 
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Cognitive deficits in psychotic disorders can be ameliorated through CCT (Biagianti et al., 2016; Harvey 

et al., 2018). However, rsFC between sensory and higher-order brain areas, e.g. between temporal and 

frontal regions, modulates neurocognitive gains in response to CCT (Eack et al., 2016; Keshavan et al., 

2017). Furthermore, a study indicates that different learning performance during the intervention 

(Biagianti et al., 2016) relates to untrained neurocognitive improvements. In a proof-of-concept study 

we investigated the effects of CCT as a function of individual rsFC and SP change, i.e. learning 

performance: 

    

Haas, S. S., Antonucci, L. A., Wenzel, J., Ruef, A., Biagianti, B., Paolini, M., Rauchmann, B. S., Weiske, 
J., Kambeitz, J., Borgwardt, S., Brambilla, P., Meisenzahl, E., Salokangas, R. K. R., Upthegrove, 
R., Wood, S. J., Koutsouleris, N., & Kambeitz-Ilankovic, L. (2020). A multivariate 
neuromonitoring approach to neuroplasticity-based computerized cognitive training in recent 
onset psychosis. Neuropsychopharmacology, 0(September), 1–8. 

 
 
 
Both individual rsFC and SP change during the intervention modulate cognitive gains in attention. Our 

findings show both methodological feasibility and clinical relevance of tracking individual rsFC and SP 

changes in the process of CCT response evaluation. This is, to the best of our knowledge, the first study 

using ML to monitor changes in neuro-functional characteristics and their association with learning 

behavior and cognitive gains in CCT. 

 

Patients in early stages of a psychotic disease show marked heterogeneity in neurocognitive 

functioning, learning performance and brain structure and possibly experience different paths on their 

way into the illness. Our ML approach has proven feasible to (neuro-)monitor heterogeneity in relevant 

characteristics in ROP undergoing CCT. In summary, the current doctoral thesis emphasizes the 

relevance for personalization in diagnostics and treatment in early stages of psychotic disorders and 

promotes the utility of ML in this process. 
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Note: The data of publication #2 (‘A multivariate neuromonitoring approach to neuroplasticity-based 
computerized cognitive training in recent onset psychosis’) has been part of the PhD project from 
Shalaila Haas which has been submitted as a monography.
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5. Zusammenfassung 

Hohe Heterogenität bei psychiatrischen Erkrankungen (Widiger & Clark, 2000; Widiger & Samuel, 

2005) und beim Ansprechen auf die Behandlung (Hofmann et al., 2012; Isaac & Januel, 2016; Wong et 

al., 2010) erschweren die Personalisierung von Diagnostik und Behandlung in der Psychiatrie. Große 

Multizentrumstudien und die Implementierung maschineller Lernverfahren in die psychiatrische 

Forschung ermöglichen Studien zur Stratifizierung psychiatrischer Diagnosen (Marquand et al., 2016). 

 

Bisher gewonnene Erkenntnisse betonen die Bedeutung von Neurokognition bei der Stratifikation von 

Patienten mit Schizophrenie. Studien die Subgruppen mit unterschiedlicher neurokognitiver 

Beeinträchtigung identifizieren (Green et al., 2019) und mit klinischen (z.B. Lewandowski et al., 2014) 

und neurobiologischen Markern (z.B. Van Rheenen et al., 2018) assoziieren konnten, bestätigen diese. 

Ein Großteil der bisher durchgeführten Forschungsvorhaben untersuchte schizophrene Patienten, 

deren Hirnphysiologie (Haijma et al., 2013) und kognitive Leistungsfähigkeit (Lewandowski et al., 2011) 

bereits durch antipsychotische Medikation beeinflusst wurde. Daher nutzt die erste Studie 

supervidierte und unsupervidierte maschinelle Lernverfahren, um kognitive Subtypen bei Patienten, 

die an einer kürzlich aufgetretenen psychotischen Episode leiden, zu identifizieren und diese durch 

klinische Symptomatik, Funktionsniveau und Veränderungen der grauen Substanz im Gehirn zu 

unterscheiden: 

 

Wenzel J., Haas, S. S., Dwyer, D. B., Ruef, A., Oeztuerk, O. F., Antonucci, L. A., von Saldern, S., 
Bonivento, C., Garzitto, M., Ferro, A., Paolini, M., Blautzik, J., Borgwardt, S., Brambilla, P., 
Meisenzahl, E., Salokangas, R. K. R., Upthegrove, R., Wood, S. J., Kambeitz, J., Koutsouleris, N., 
Kambeitz-Ilankovic, L. (in press). Cognitive Subtypes in Recent Onset Psychosis: Distinct 
neurobiological fingerprints? Neuropsychopharmacology, X, X–X. 

 
 
 

Die Analyse zeigt eine Subgruppe mit starker neurokognitiver Beeinträchtigung und eine Subgruppe, 

die in ihrer kognitiven Leistung gesunden Probanden ähnelt. Die Subgruppen unterscheiden sich 

hinsichtlich klinischer und funktioneller Charakteristika voneinander. Die Subgruppe mit starken 
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neurokognitiven Einbußen zeigte zusätzlich hirnstrukturelle Unterschiede im Vergleich zu gesunden 

Probanden. Die Charakteristika der neurokognitiv stark beeinträchtigten Subgruppe bestätigen die 

Neuroentwicklungshypothese (Murray et al., 2017), welche einen beeinträchtigten prämorbiden IQ, 

reduzierte kognitive Fähigkeiten während des Krankheitsbeginnes und geringes Rollen-Funktionieren 

beschreibt (Dickinson et al., 2020; Lewandowski, 2020). 

 

Kognitive Einschränkungen in psychotischen Erkrankungen können durch CCT verbessert werden 

(Biagianti et al., 2016; Harvey et al., 2018). Forschung zeigt, dass die rsFC zwischen sensorischen und 

höher-rangigen Hirnarealen, z.B. temporalen und frontalen Regionen, einen modulierenden Einfluss 

auf die neurokognitive Verbesserung nach CCT ausübt. Eine Studie konnte zeigen, dass zusätzlich 

unterschiedliches Lernverhalten während des Trainings das Ansprechen auf die Intervention 

beeinflusst (Biagianti et al., 2016). Daher ist es das Ziel in der zweiten Studie, die Effekte eines CCT in 

Abhängigkeit der individuellen rsFC und des individuellen Lernverhaltens (SP change) zu betrachten: 

 

Haas, S. S., Antonucci, L. A., Wenzel, J., Ruef, A., Biagianti, B., Paolini, M., Rauchmann, B. S., Weiske, 
J., Kambeitz, J., Borgwardt, S., Brambilla, P., Meisenzahl, E., Salokangas, R. K. R., Upthegrove, 
R., Wood, S. J., Koutsouleris, N., & Kambeitz-Ilankovic, L. (2020). A multivariate 
neuromonitoring approach to neuroplasticity-based computerized cognitive training in recent 
onset psychosis. Neuropsychopharmacology, 0(September), 1–8. 
https://doi.org/10.1038/s41386-020-00877-4 

 
 
 
Sowohl die individuelle rsFC als auch das Lernverhalten während der Intervention beeinflussen die 

Verbesserung der Aufmerksamkeit. Unsere Ergebnisse verdeutlichen die Sinnhaftigkeit individuelle 

rsFC und individuelles Lernverhalten (SP change) im Rahmen eines CCT zu charakterisieren, um 

kognitive Veränderungen zu untersuchen. Nach bestem Wissen ist diese Studie die Erste, die 

maschinelle Lernverfahren verwendet, um Veränderungen in funktionellen Gehirneigenschaften nach 

CCT zu messen und diese mit Lernverhalten und kognitiven Verbesserungen assoziiert. 
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Bereits Patienten in frühen Stadien von psychotischen Erkrankungen zeigen deutliche Unterschiede in 

ihrer Neurokognition, ihrem Lernverhalten und ihren hirnstrukturellen Eigenschaften, welche 

unterschiedliche pathophysiologische Prozess andeuten. ML erweiset sich als nützliche Methode, um 

neurobiologische Heterogenität bei psychotischen Patienten im Hinblick auf das Ansprechen bei CCTs 

zu betrachten. Zusammenfassend betont die vorliegende Doktorarbeit die Relevanz von 

Personalisierung bei der Diagnostik und Behandlung von Psychosen im frühen Verlauf und den Nutzen 

von ML, um diese Aspekte weiter zu untersuchen.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notiz: Die Daten von Publikation #2 (‘A multivariate neuromonitoring approach to neuroplasticity-
based computerized cognitive training in recent onset psychosis’) sind Bestandteil des als Monographie 
eingereichten Phd-Projektes von Shalaila Haas.
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6. Original Publications 

6.1. Publication #1 
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6.2. Publication #2 

 

  



Original publications   41 
 

 

  



Original publications   42 
 

 

  



Original publications   43 
 

 

  



Original publications   44 
 

 

  



Original publications   45 
 

 

  



Original publications   46 
 

 

  



Original publications   47 
 

 

 



Literature  48 
 

7. Literature 

Antonova, E., Sharma, T., Morris, R., & Kumari, V. (2004). The relationship between brain structure 
and neurocognition in schizophrenia: A selective review. Schizophrenia Research, 70(2–3), 117–
145. https://doi.org/10.1016/j.schres.2003.12.002 

Arnemann, K. L., Chen, A. J. W., Novakovic-Agopian, T., Gratton, C., Nomura, E. M., & D’Esposito, M. 
(2015). Functional brain network modularity predicts response to cognitive training after brain 
injury. Neurology, 84(15), 1568–1574. https://doi.org/10.1212/WNL.0000000000001476 

Biagianti, B., Fisher, M., Neilands, T. B., Loewy, R., & Vinogradov, S. (2016). Engagement with the 
auditory processing system during targeted auditory cognitive training mediates changes in 
cognitive outcomes in individuals with schizophrenia. Neuropsychology, 30(8), 998–1008. 
https://doi.org/10.1037/neu0000311 

Bishop, C. M. (2006). Pattern recognition and machine learning (Springer (ed.)). 

Bor, J., Brunelin, J., d’Amato, T., Costes, N., Suaud-Chagny, M. F., Saoud, M., & Poulet, E. (2011). How 
can cognitive remediation therapy modulate brain activations in schizophrenia?. An fMRI study. 
Psychiatry Research - Neuroimaging, 192(3), 160–166. 
https://doi.org/10.1016/j.pscychresns.2010.12.004 

Bowie, C. R., Reichenberg, A., Patterson, T. L., Heaton, R. K., & Harvey, P. D. (2006). Determinants of 
real-world functional performance in schizophrenia subjects: Correlations with cognition, 
functional capacity, and symptoms. American Journal of Psychiatry, 163(3), 418–425. 
https://doi.org/10.1176/appi.ajp.163.3.418 

Bzdok, D., & Meyer-Lindenberg, A. (2018). Machine Learning for Precision Psychiatry: Opportunities 
and Challenges. Biological Psychiatry: Cognitive Neuroscience and Neuroimaging, 3(3), 223–230. 
https://doi.org/10.1016/j.bpsc.2017.11.007 

Caliñski, T., & Harabasz, J. (1974). A Dendrite Method Foe Cluster Analysis. Communications in 
Statistics, 3(1), 1–27. https://doi.org/10.1080/03610927408827101 

Chen, J., Liu, J., Calhoun, V. D., Arias-Vasquez, A., Zwiers, M. P., Gupta, C. N., Franke, B., & Turner, J. 
A. (2014). Exploration of scanning effects in multi-site structural MRI studies. Journal of 
Neuroscience Methods, 230, 37–50. https://doi.org/10.1016/j.jneumeth.2014.04.023 

Cortes, C., & Vapnik, V. (1995). Support-vector networks. Machine Learning, 20, 273–297. 

Dale, C. L., Brown, E. G., Fisher, M., Herman, A. B., Dowling, A. F., Hinkley, L. B., Subramaniam, K., 
Nagarajan, S. S., & Vinogradov, S. (2016). Auditory Cortical Plasticity Drives Training-Induced 
Cognitive Changes in Schizophrenia. Schizophrenia Bulletin, 42(1), 220–228. 
https://doi.org/10.1093/schbul/sbv087 

Dale, C. L., Brown, E. G., Herman, A. B., Hinkley, L. B. N., Subramaniam, K., Fisher, M., Vinogradov, S., 
& Nagarajan, S. S. (2020). Intervention-specific patterns of cortical function plasticity during 
auditory encoding in people with schizophrenia. Schizophrenia Research, 215, 241–249. 
https://doi.org/10.1016/j.schres.2019.10.022 

Davatzikos, C. (2004). Why voxel-based morphometric analysis should be used with great caution 
when characterizing group differences. NeuroImage, 23(1), 17–20. 
https://doi.org/10.1016/j.neuroimage.2004.05.010 

Dickinson, D., Zaidman, S. R., Giangrande, E. J., Eisenberg, D. P., Gregory, M. D., & Berman, K. F. 
(2020). Distinct Polygenic Score Profiles in Schizophrenia Subgroups with Different Trajectories 
of Cognitive Development. American Journal of Psychiatry, 177(4), 298–307. 
https://doi.org/10.1176/appi.ajp.2019.19050527 



Literature   49 
 

Dwyer, D. B., Falkai, P., & Koutsouleris, N. (2018). Machine Learning Approaches for Clinical 
Psychology and Psychiatry. Annual Review of Clinical Psychology, 14, 91–118. 
https://doi.org/10.1146/annurev-clinpsy-032816-045037 

Eack, S. M., Newhill, C. E., & Keshavan, M. S. (2016). Cognitive enhancement therapy improves 
resting-state functional connectivity in early course schizophrenia. Journal of the Society for 
Social Work and Research, 7(2), 211–230. https://doi.org/10.1086/686538 

Fan, F., Zou, Y., Tan, Y., Hong, L. E., & Tan, S. (2017). Computerized cognitive remediation therapy 
effects on resting state brain activity and cognition in schizophrenia. Scientific Reports, 7(1), 1–
9. https://doi.org/10.1038/s41598-017-04829-9 

Fornito, A., Yoon, J., Zalesky, A., Bullmore, E. T., & Carter, C. S. (2011). General and specific functional 
connectivity disturbances in first-episode schizophrenia during cognitive control performance. 
Biological Psychiatry, 70(1), 64–72. https://doi.org/10.1016/j.biopsych.2011.02.019 

Geisler, D., Walton, E., Naylor, M., Roessner, V., Lim, K. O., Charles Schulz, S., Gollub, R. L., Calhoun, 
V. D., Sponheim, S. R., & Ehrlich, S. (2015). Brain structure and function correlates of cognitive 
subtypes in schizophrenia. Psychiatry Research - Neuroimaging, 234(1), 74–83. 
https://doi.org/10.1016/j.pscychresns.2015.08.008 

Gould, I. C., Shepherd, A. M., Laurens, K. R., Cairns, M. J., Carr, V. J., & Green, M. J. (2014). 
Multivariate neuroanatomical classification of cognitive subtypes in schizophrenia: A support 
vector machine learning approach. NeuroImage: Clinical, 6, 229–236. 
https://doi.org/10.1016/j.nicl.2014.09.009 

Green, M. F. (1996). What are the functional consequences of neurocognitive deficits in 
schizophrenia? American Journal of Psychiatry, 153(3), 321–330. 
https://doi.org/10.1176/ajp.153.3.321 

Green, M. J., Cairns, M. J., Wu, J., Dragovic, M., Jablensky, A., Tooney, P. A., Scott, R. J., & Carr, V. J. 
(2013). Genome-wide supported variant MIR137 and severe negative symptoms predict 
membership of an impaired cognitive subtype of schizophrenia. Molecular Psychiatry, 18(7), 
774–780. https://doi.org/10.1038/mp.2012.84 

Green, M. J., Girshkin, L., Kremerskothen, K., Watkeys, O., & Quidé, Y. (2019). A Systematic Review of 
Studies Reporting Data-Driven Cognitive Subtypes across the Psychosis Spectrum. 
Neuropsychology Review. https://doi.org/10.1007/s11065-019-09422-7 

Gur, R. E., Calkins, M. E., Gur, R. C., Horan, W. P., Nuechterlein, K. H., Seidman, L. J., & Stone, W. S. 
(2007). The consortium on the genetics of schizophrenia: Neurocognitive endophenotypes. 
Schizophrenia Bulletin, 33(1), 49–68. https://doi.org/10.1093/schbul/sbl055 

Haijma, S. V., Van Haren, N., Cahn, W., Koolschijn, P. C. M. P., Hulshoff Pol, H. E., & Kahn, R. S. (2013). 
Brain volumes in schizophrenia: A meta-analysis in over 18 000 subjects. Schizophrenia Bulletin, 
39(5), 1129–1138. https://doi.org/10.1093/schbul/sbs118 

Harvey, P. D., McGurk, S. R., Mahncke, H., & Wykes, T. (2018). Controversies in Computerized 
Cognitive Training. Biological Psychiatry: Cognitive Neuroscience and Neuroimaging, 3(11), 907–
915. https://doi.org/10.1016/j.bpsc.2018.06.008 

Hastie, T., Tibshirani, R., & Friedman, J. (2009). The elements of statistical learning: data mining, 
inference, and prediction. Springer Science & Business Media. 

Haut, K. M., Lim, K. O., & MacDonald, A. (2010). Prefrontal cortical changes following Cognitive 
training in patients with chronic schizophrenia: Effects of practice, generalization, and 
specificity. Neuropsychopharmacology, 35(9), 1850–1859. https://doi.org/10.1038/npp.2010.52 



Literature   50 
 

Hebart, M. N., & Baker, C. I. (2018). Deconstructing multivariate decoding for the study of brain 
function. NeuroImage, 180(July), 4–18. https://doi.org/10.1016/j.neuroimage.2017.08.005 

Hennig, C. (2007). Cluster-wise assessment of cluster stability. Computational Statistics and Data 
Analysis, 52(1), 258–271. https://doi.org/10.1016/j.csda.2006.11.025 

Hofmann, S. G., Asnaani, A., Vonk, I. J. J., Sawyer, A. T., & Fang, A. (2012). The efficacy of cognitive 
behavioral therapy: A review of meta-analyses. Cognitive Therapy and Research, 36(5), 427–
440. https://doi.org/10.1007/s10608-012-9476-1 

Isaac, C., & Januel, D. (2016). Neural correlates of cognitive improvements following cognitive 
remediation in schizophrenia: a systematic review of randomized trials. Socioaffective 
Neuroscience & Psychology, 6(1), 30054. https://doi.org/10.3402/snp.v6.30054 

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2021). An Introduction to Statistical Learning (2nd 
ed.). Springer US. https://doi.org/10.1007/978-1-0716-1418-1 

Kahn, R. S., & Keefe, R. S. E. (2013). Schizophrenia is a cognitive illness: Time for a change in focus. 
JAMA Psychiatry, 70(10), 1107–1112. https://doi.org/10.1001/jamapsychiatry.2013.155 

Kambeitz-Ilankovic, L., Betz, L. T., Dominke, C., Haas, S. S., Subramaniam, K., Fisher, M., Vinogradov, 
S., Koutsouleris, N., & Kambeitz, J. (2019). Multi-outcome meta-analysis (MOMA) of cognitive 
remediation in schizophrenia: Revisiting the relevance of human coaching and elucidating 
interplay between multiple outcomes. Neuroscience and Biobehavioral Reviews, 
107(September), 828–845. https://doi.org/10.1016/j.neubiorev.2019.09.031 

Kassambara, A. (2015). Multivariate Analysis 1: Practical Guide To Cluster Analysis in R. Taylor & 
Francis Group, 1–187. 

Keefe, R. S. E., Vinogradov, S., Medalia, A., Buckley, P. F., Caroff, S. N., D’Souza, D. C., Harvey, P. D., 
Graham, K. A., Hamer, R. M., Marder, S. M., Miller, D. D., Olson, S. J., Patel, J. K., Velligan, D., 
Walker, T. M., Haim, A. J., & Scott Stroup, T. (2012). Feasibility and pilot efficacy results from 
the multisite Cognitive Remediation in the Schizophrenia Trials Network (CRSTN) randomized 
controlled trial. Journal of Clinical Psychiatry, 73(7), 1016–1022. 
https://doi.org/10.4088/JCP.11m07100 

Keshavan, M. S., Eack, S. M., Prasad, K. M., Haller, C. S., & Cho, R. Y. (2017). Longitudinal functional 
brain imaging study in early course schizophrenia before and after cognitive enhancement 
therapy. NeuroImage, 151(November 2016), 55–64. 
https://doi.org/10.1016/j.neuroimage.2016.11.060 

Keshavan, M. S., Mehta, U. M., Padmanabhan, J. L., & Shah, J. L. (2015). Dysplasticity, metaplasticity, 
and schizophrenia: Implications for risk, illness, and novel interventions. Development and 
Psychopathology, 27(2), 615–635. https://doi.org/10.1017/S095457941500019X 

Kim, T., Lee, K. H., Oh, H., Lee, T. Y., Cho, K. I. K., Lee, J., & Kwon, J. S. (2018). Cerebellar structural 
abnormalities associated with cognitive function in patients with first-episode psychosis. 
Frontiers in Psychiatry, 9(JUL), 8–10. https://doi.org/10.3389/fpsyt.2018.00286 

Koutsouleris, N., Kambeitz-Ilankovic, L., Ruhrmann, S., Rosen, M., Ruef, A., Dwyer, D. B., Paolini, M., 
Chisholm, K., Kambeitz, J., Haidl, T., Schmidt, A., Gillam, J., Schultze-Lutter, F., Falkai, P., Reiser, 
M., Riecher-Rössler, A., Upthegrove, R., Hietala, J., Salokangas, R. K. R., … Borgwardt, S. (2018). 
Prediction Models of Functional Outcomes for Individuals in the Clinical High-Risk State for 
Psychosis or with Recent-Onset Depression: A Multimodal, Multisite Machine Learning Analysis. 
JAMA Psychiatry, 75(11), 1156–1172. https://doi.org/10.1001/jamapsychiatry.2018.2165 

Kraepelin, E., Robertson, G. M., & Barclay, M. R. (1919). Dementia praecox and paraphrenia. In 
Dementia praecox and paraphrenia. Chicago Medical Book Co. 



Literature   51 
 

Lazarsfeld, P. F. (1957). Latent structure analysis (C. University (ed.)). Bureau of Applied Social 
Research. 

Lessov-Schlaggar, C. N., Rubin, J. B., & Schlaggar, B. L. (2016). The fallacy of univariate solutions to 
complex systems problems. Frontiers in Neuroscience, 10(JUN), 1–6. 
https://doi.org/10.3389/fnins.2016.00267 

Lewandowski, K. E., Cohen, B. M., & Öngur, D. (2011). Evolution of neuropsychological dysfunction 
during the course of schizophrenia and bipolar disorder. Psychological Medicine, 41(2), 225–
241. https://doi.org/10.1017/S0033291710001042 

Lewandowski, K. E. (2020). Genetically, developmentally, and clinically distinct cognitive subtypes in 
schizophrenia: A tale of three trajectories. American Journal of Psychiatry, 177(4), 282–284. 
https://doi.org/10.1176/appi.ajp.2020.20020132 

Lewandowski, K. E., Sperry, S. H., Cohen, B. M., & Öngür, D. (2014). Cognitive variability in psychotic 
disorders: a cross-diagnostic cluster analysis. Psychological Medicine, 44(15), 3239–3248. 
https://doi.org/10.1017/S0033291714000774.Cognitive 

Marquand, A. F., Wolfers, T., Mennes, M., Buitelaar, J., & Beckmann, C. F. (2016). Beyond Lumping 
and Splitting: A Review of Computational Approaches for Stratifying Psychiatric Disorders. 
Biological Psychiatry: Cognitive Neuroscience and Neuroimaging, 1(5), 433–447. 
https://doi.org/10.1016/j.bpsc.2016.04.002 

Matsuda, Y., Makinodan, M., Morimoto, T., & Kishimoto, T. (2019). Neural changes following 
cognitive remediation therapy for schizophrenia. Psychiatry and Clinical Neurosciences, 73(11), 
676–684. https://doi.org/10.1111/pcn.12912 

McGurk, S. R., Twamley, E. W., Sitzer, D. I., McHugo, G. J., & Mueser, K. T. (2007). A Meta-Analysis of 
Cognitive Remediation in Schizophrenia. American Journal of Psychiatry, 164, 1791–1802. 
https://doi.org/10.1016/S0013-7006(06)76144-9 

Medalia, A., & Saperstein, A. M. (2013). Does cognitive remediation for schizophrenia improve 
functional outcomes? Current Opinion in Psychiatry, 26(2), 151–157. 
https://doi.org/10.1097/YCO.0b013e32835dcbd4 

Mohamed, S., Rosenheck, R., Swartz, M., Stroup, S., Lieberman, J. A., & Keefe, R. S. E. (2008). 
Relationship of cognition and psychopathology to functional impairment in schizophrenia. 
American Journal of Psychiatry, 165(8), 978–987. 
https://doi.org/10.1176/appi.ajp.2008.07111713 

Monti, S., Tamayo, P., Mesirov, J., & Golub, T. (2003). Consensus Clustering : A Resampling-Based 
Method for Class Discovery and Visualization of Gene. Machine Learning, 52(i), 91–118. 

Murray, R. M., Bhavsar, V., Tripoli, G., & Howes, O. (2017). 30 Years on: How the 
Neurodevelopmental Hypothesis of Schizophrenia Morphed into the Developmental Risk Factor 
Model of Psychosis. Schizophrenia Bulletin, 43(6), 1190–1196. 
https://doi.org/10.1093/schbul/sbx121 

Muthén, B. O. (2002). Beyond SEM: General Latent Variable Modeling. Behaviormetrika, 29(1), 81–
117. https://doi.org/10.2333/bhmk.29.81 

Ozomaro, U., Wahlestedt, C., & Nemeroff, C. B. (2013). Personalized medicine in psychiatry: 
Problems and promises. BMC Medicine, 11(1). https://doi.org/10.1186/1741-7015-11-132 

Payne, P. R. O., Embi, P. J., & Kahn, M. G. (2011). Selected Papers from the 2011 Summit on Clinical 
Research Informatics. Journal of Biomedical Informatics, 44(SUPPL. 1), 383–392. 
https://doi.org/10.1016/j.jbi.2011.11.009 



Literature   52 
 

Prikken, M., Konings, M. J., Lei, W. U., Begemann, M. J. H., & Sommer, I. E. C. (2019). The efficacy of 
computerized cognitive drill and practice training for patients with a schizophrenia-spectrum 
disorder: A meta-analysis. Schizophrenia Research, 204, 368–374. 
https://doi.org/10.1016/j.schres.2018.07.034 

Ramsay, I. S., & Macdonald, A. W. (2015). Brain Correlates of Cognitive Remediation in Schizophrenia: 
Activation Likelihood Analysis Shows Preliminary Evidence of Neural Target Engagement. 
Schizophrenia Bulletin, 41(6), 1276–1284. https://doi.org/10.1093/schbul/sbv025 

Ramsay, I. S., Nienow, T. M., & MacDonald, A. W. (2017). Increases in Intrinsic Thalamocortical 
Connectivity and Overall Cognition Following Cognitive Remediation in Chronic Schizophrenia. 
Biological Psychiatry: Cognitive Neuroscience and Neuroimaging, 2(4), 355–362. 
https://doi.org/10.1016/j.bpsc.2016.11.001 

Rousseeuw, P. J. (1987). Silhouettes: A graphical aid to the interpretation and validation of cluster 
analysis. Journal of Computational and Applied Mathematics, 20(C), 53–65. 
https://doi.org/10.1016/0377-0427(87)90125-7 

Sheffield, J. M., Kandala, S., Tamminga, C. A., Pearlson, G. D., Keshavan, M. S., Sweeney, J. A., 
Clementz, B. A., Lerman-Sinkoff, D. B., Hill, S. K., & Barch, D. M. (2017). Transdiagnostic 
associations between functional brain network integrity and cognition. JAMA Psychiatry, 74(6), 
605–613. https://doi.org/10.1001/jamapsychiatry.2017.0669 

Sheffield, J. M., Karcher, N. R., & Barch, D. M. (2018). Cognitive Deficits in Psychotic Disorders: A 
Lifespan Perspective. Neuropsychology Review, 28(4), 509–533. 
https://doi.org/10.1007/s11065-018-9388-2 

Subramaniam, K., Gill, J., Fisher, M., Mukherjee, P., Nagarajan, S., & Vinogradov, S. (2018). White 
matter microstructure predicts cognitive training-induced improvements in attention and 
executive functioning in schizophrenia. Schizophrenia Research, 193, 276–283. 
https://doi.org/10.1016/j.schres.2017.06.062 

Subramaniam, K., Luks, T. L., Fisher, M., Simpson, G. V., Nagarajan, S., & Vinogradov, S. (2012). 
Computerized Cognitive Training Restores Neural Activity within the Reality Monitoring 
Network in Schizophrenia. Neuron, 73(4), 842–853. 
https://doi.org/10.1016/j.neuron.2011.12.024 

Subramaniam, K., Luks, T. L., Garrett, C., Chung, C., Fisher, M., Nagarajan, S., & Vinogradov, S. (2014). 
Intensive cognitive training in schizophrenia enhances working memory and associated 
prefrontal cortical efficiency in a manner that drives long-term functional gains. NeuroImage, 
99, 281–292. https://doi.org/10.1016/j.neuroimage.2014.05.057 

Van Rheenen, T. E., Lewandowski, K. E., Tan, E. J., Ospina, L. H., Ongur, D., Neill, E., Gurvich, C., 
Pantelis, C., Malhotra, A. K., Rossell, S. L., & Burdick, K. E. (2017). Characterizing cognitive 
heterogeneity on the schizophrenia-bipolar disorder spectrum. Psychological Medicine, 47(10), 
1848–1864. https://doi.org/10.1017/S0033291717000307 

Van Rheenen, T. E., Cropley, V., Zalesky, A., Bousman, C., Wells, R., Bruggemann, J., Sundram, S., 
Weinberg, D., Lenroot, R. K., Pereira, A., Shannon Weickert, C., Weickert, T. W., & Pantelis, C. 
(2018). Widespread Volumetric Reductions in Schizophrenia and Schizoaffective Patients 
Displaying Compromised Cognitive Abilities. Schizophrenia Bulletin, 44(3), 560–574. 
https://doi.org/10.1093/schbul/sbx109 

Vinogradov, S., Fisher, M., & De Villers-Sidani, E. (2012). Cognitive training for impaired neural 
systems in neuropsychiatric illness. Neuropsychopharmacology, 37(1), 43–76. 
https://doi.org/10.1038/npp.2011.251 

Wardenaar, K. J., & de Jonge, P. (2013). Diagnostic heterogeneity in psychiatry: Towards an empirical 



Literature   53 
 

solution. BMC Medicine, 11(1), 2–4. https://doi.org/10.1186/1741-7015-11-201 

Weinberg, D., Lenroot, R., Jacomb, I., Allen, K., Bruggemann, J., Wells, R., Balzan, R., Liu, D., Galletly, 
C., Catts, S. V., Weickert, C. S., & Weickert, T. W. (2016). Cognitive subtypes of schizophrenia 
characterized by differential brain volumetric reductions and cognitive decline. JAMA 
Psychiatry, 73(12), 1251–1259. https://doi.org/10.1001/jamapsychiatry.2016.2925 

Wells, R., Swaminathan, V., Sundram, S., Weinberg, D., Bruggemann, J., Jacomb, I., Cropley, V., 
Lenroot, R., Pereira, A. M., Zalesky, A., Bousman, C., Pantelis, C., Weickert, C. S., & Weickert, T. 
W. (2015). The impact of premorbid and current intellect in schizophrenia: Cognitive, symptom, 
and functional outcomes. Npj Schizophrenia, 1(1). https://doi.org/10.1038/npjschz.2015.43 

Wexler, B. E., Anderson, M., Fulbright, R. K., & Gore, J. C. (2000). Preliminary evidence of improved 
verbal working memory performance and normalization of task-related frontal lobe activation 
in schizophrenia following cognitive exercises. American Journal of Psychiatry, 157(10), 1694–
1697. https://doi.org/10.1176/appi.ajp.157.10.1694 

Widiger, T. A., & Clark, L. A. (2000). Toward DSM-V and the classification of psychopathology. 
Psychological Bulletin, 126(6), 946–963. https://doi.org/10.1037/0033-2909.126.6.946 

Widiger, T. A., & Samuel, D. B. (2005). Diagnostic categories or dimensions? A question for the 
Diagnostic and Statistical Manual of Mental Disorders - Fifth Edition. Journal of Abnormal 
Psychology, 114(4), 494–504. https://doi.org/10.1037/0021-843X.114.4.494 

Wium-Andersen, I. K., Vinberg, M., Kessing, L. V., & McIntyre, R. S. (2017). Personalized medicine in 
psychiatry. Nordic Journal of Psychiatry, 71(1), 12–19. 
https://doi.org/10.1080/08039488.2016.1216163 

Wong, E. H. F., Yocca, F., Smith, M. A., & Lee, C. M. (2010). Challenges and opportunities for drug 
discovery in psychiatric disorders: The drug hunters’ perspective. International Journal of 
Neuropsychopharmacology, 13(9), 1269–1284. https://doi.org/10.1017/S1461145710000866 

Wykes, T., Brammer, M., Mellers, J., Bray, P., Reeder, C., Williams, C., & Corner, J. (2002). Effects on 
the brain of a psychological treatment: Cognitive remediation therapy. Functional magnetic 
resonance imaging in schizophrenia. British Journal of Psychiatry, 181(AUG.), 144–152. 
https://doi.org/10.1192/bjp.181.2.144 

Wykes, T., Huddy, V., Cellard, C., McGurk, S. R., & Czobor, P. (2011). A Meta-Analysis of Cognitive 
Remediation for Schizophrenia: Methodology and Effect Sizes. American Journal of Psychiatry, 
168, 472–485. https://doi.org/10.1016/j.ypsy.2011.08.008 

 

 



Acknowledgement   54 
 

8. Acknowledgement 

Ich möchte mich bei Dr. Lana Kambeitz-Ilankovic ganz herzlich bedanken. Vielen Dank für dein 

wissenschaftliches Mentoring während meiner gesamten Arbeit und deine 24h-Ansprechbarkeit in 

allen Fragen. Danke auch für die schonungslosen Einblicke in den Beruf als Wissenschaftler, für deine 

große Unterstützung in diesem kompetitiven Berufsfeld und dein Vertrauen in meine Fähigkeiten. 

 

Ich möchte mich auch bei meinem Doktorvater Prof. Dr. Nikolaos Koutsouleris für den motivierenden 

wissenschaftlichen Austausch und die methodische Hilfestellung in meinen Arbeiten bedanken. Vielen 

Dank an Prof. Dr. Joseph Kambeitz für die methodische Überprüfung meiner Arbeiten und die 

Anmerkungen zur farblichen Gestaltung meiner Graphen. 

 

Vielen Dank an Shalaila für die hervorragende Vor- und Zusammenarbeit am PNKT Projekt, für deine 

unerschöpfliche Hilfsbereitschaft und für deine so vielen offenen Ohren für naive Fragen. Vielen Dank 

an Nora, Rachele und Ömer für die aufbauenden Gespräche in den stressigsten Zeiten und die 

kritischen Auseinandersetzungen mit der Arbeit und dem Leben. Vielen Dank an alle anderen 

wunderbaren Kollegen/-innen in München und Köln – die Kaffeepausen und das Feierabendbier mit 

euch waren immer ein willkommener Ausgleich. Vielen Dank an die vielen Studenten und 

wissenschaftlichen Hilfskräfte, ohne deren fleißige Arbeit große Projekte nicht durchführbar wären.   

 

Danke Dyana und Stefan für das Ertragen meiner Launen, eure mentale Unterstützung und das 

Versorgen mit gutem Essen in arbeitsintensiven Phasen. Danke dir Mario für deine Freundschaft und 

deine Unterstützung in allen menschlichen Belangen und deine Verlässlichkeit, ob am Boden oder in 

den Felswänden der Alpen.  

 

Last but not least: Danke an meine Familie und an die Freunde, die Familie geworden sind, für eure 

bedingungslose Liebe, für die Unterstützung auf allen Ebenen und euer Vertrauen in mich. 

 


