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Chapter 9 

Summary and general discussion 
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Summary 

As mentioned in Chapter 2, the genome-wide association (GWA) era has 

confirmed the heritability of many psychiatric disorders, most notably 

schizophrenia. More importantly, it has shown the incredible complexity 

of the relationship between genetics and psychiatric illness. Thousands 

of genetic variants with individually small effect sizes cumulatively 

constitute a large contribution to the heritability of psychiatric disorders. 

Sometimes the data-driven GWA approach is not feasible due to limited 

available sample sizes. In Chapter 3 candidate gene studies have been 

discussed as an alternative hypothesis-driven approach to genetic 

research. The required sample size in a candidate gene study is much 

smaller than that in a GWA study, because a less stringent multiple 

testing correction is required.  Nonetheless, power calculations suggest 

that a sample size of at least several hundreds of subjects should be 

aimed for in a candidate gene study due to the typically small effect 

sizes of individual genetic variants. Chapter 3 also discussed the use of 

two web tools to facilitate the selection of candidate genes in a 

candidate gene study. 

Chapter 4 illustrated that relatively large sample sizes do not guarantee 

significant genetic variants. A large meta-analysis of more than 24,000 

subjects failed to identify genetic variants that are significantly 

associated with life-time cannabis use, although a gene-based test 

revealed two significant genes that could not be replicated in a small 

replication sample. Nonetheless, enrichment of nominally significant 

genetic variants indicated that genetic factors do play a role in cannabis 

use and even larger sample sizes may be needed to identify significant 

genetic variants. Once a large GWA study has been published, its results 
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can become an important resource for future studies. For example, in 

polygenic risk analysis, even genetic variants that are not significant can 

be used to investigate genetic overlap between diseases. In Chapter 5 

the genetic overlap between schizophrenia and three immune disorders 

was investigated: type-1 diabetes, rheumatoid arthritis, and Crohn’s 

disease. Polygenic risk score analysis revealed that schizophrenia has a 

significant genetic overlap with these three immune disorders. 

Moreover, the genetic overlap between schizophrenia and these three 

disorders was significantly larger than the genetic overlap between 

schizophrenia and type-2 diabetes, a disorder not primarily 

characterized by immune dysfunction.  

Statistical models are always based on assumptions. When these 

assumptions are violated, the effect sizes that are reported may be 

biased. Typically, in genome-wide studies only one genetic variant is 

analyzed at a time, implicitly assuming that other genetic variants do 

not contribute to disease risk or time to disease onset. For complex 

disorders this assumption is clearly violated, since these disorders are 

by definition influenced by many genetic variants. Chapter 6 showed 

that for linear and log-linear models single SNP analysis is no problem. 

However, in case-control analyses violation of this assumption can result 

in underestimated effect sizes. Chapter 7 illustrated that a similar 

problem may arise when performing a Cox PH survival analysis in 

genome-wide survival study. 

In genetic survival analysis, another assumption is often violated. 

Typically not all subjects will experience the disorder of interest. This 

fact is ignored in a traditional survival analysis, such as a Cox PH 

regression and can result in biased estimates. As Chapter 7 showed, a 

cure survival analysis removes this bias as it explicitly models two 
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subgroups: subjects who will eventually develop the disease, and 

subjects who will not. 

Unlike the previous two types of model misspecification, some model 

misspecifications are difficult to test empirically. The debate about the 

importance of statistical epistasis is an example. As Chapter 8 

discussed, large amounts of epistasis can affect the heritability 

estimates of twin studies. Although it is not possible to empirically test 

the amount of epistasis due to the model complexity involved, 

simulation studies suggest that heritability estimates of twin studies are 

only biased if large effects of shared environment are assumed. 

General discussion 

Beyond missing heritability: recent progress in psychiatric 

genetics 

Six years ago the genetic research community started to debate the 

issue of missing heritability44, 46, 48, 222, 273. Why do the relatively few 

significant hits from GWA studies only account for a fraction of the 

heritability estimated by family studies? This issue was particularly 

important in the field of psychiatric genetics, since in the early days 

GWA studies of psychiatric disorders produced only few significant hits, 

if any6. In the last few years, however, enormous progress has been 

made to answer the question of missing heritability at least partly. Two 

important factors contributed to this progress: ever increasing sample 

sizes and new statistical tools. 

On one hand, GWA sample sizes have been steadily increasing in the 

last few years. In the field of psychiatric genetics, the Psychiatric 

Genomics Consortium (PGC) succeeded in collecting and rigorously 
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analyzing large samples of genetic data on several psychiatric 

phenotypes (Chapter 2). To date the PGC schizophrenia sample is the 

largest genotyped case-control sample ever collected in the field of 

psychiatric genetics. Recently, the Schizophrenia Working Group of the 

Psychiatric Genomics Consortium5 reported an analysis of the most 

current PGC collection of 55 different data sets including 36,989 

schizophrenia cases and 113,075 controls. Using this sample, they have 

identified 108 independent loci significantly associated with 

schizophrenia, of which 83 regions have never been identified before. Of 

these significant loci, 80% contained at least one gene, suggesting that 

genetic variants close to genes have a larger impact on schizophrenia 

than variants that are more distant. The Schizophrenia Working Group 

associated these loci with genes that had been implicated with 

schizophrenia before, such as the dopamine D2 receptor gene, several 

voltage-gated calcium channel subunits, glutamatergic signaling genes, 

and synaptic plasticity genes.  These results stand in sharp contrast to 

the lack of findings in GWA studies in the early days of GWA studies6. 

Although these recent results are only a first step in understanding the 

relationship between genetics and schizophrenia, it is clear that the call 

to continue funding and performing GWA studies with increasing sample 

sizes has started to pay off. 

On the other hand, statistical tools, such as genome-wide complex trait 

analysis (GCTA) and polygenic risk score analysis have made it possible 

to answer different types of questions6, 53, 54.  GCTA can estimate the 

proportion of phenotypic variance explained by all common SNPs across 

the genome, resulting in a lower bound estimate of the heritability53, 222. 

Contrary to traditional GWA analysis, all SNPs are analyzed in a single 

model. To make this possible, GCTA imposes an additional assumption 

on the distribution of the SNP effect sizes, assuming that they come 
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from a normal distribution centered around zero. Since we expect most 

effect sizes to be small, this is a realistic assumption. Although the 

heritability estimates produced by GCTA are typically smaller than 

traditional heritability estimates (e.g., 23% versus 81% for 

schizophrenia)4, 54, they are much higher than the fraction of heritability 

explained by the few significantly associated regions in the genome43.  

This clearly shows that common variants, even those that are not 

significant, contribute substantially to the heritability.  

While GCTA was primarily designed to estimate SNP-based heritability, 

polygenic risk score analysis is designed for risk prediction. Specifically, 

effect size estimates from a traditional GWA analysis, the discovery 

sample, are used to predict the risk of disease for individuals in an 

independent validation sample6. An individual risk score is simply a 

weighted sum of all independent genetic variants, using the effect size 

from the discovery sample as weights6. The risk score can then be used 

to predict disease risk in the validation sample. Typically, a pseudo-R2 

measure is used to quantify prediction quality. If the cases in both case-

control samples have the same disorder, polygenic risks score analysis 

can be used for traditional risk prediction. If, on the other hand, the 

disorders are different in both samples, polygenic risk score analysis can 

be used to estimate the genetic overlap between diseases as illustrated 

in Chapter 5. The principles of polygenic risk score analysis are both 

simple and effective. However, the quality of the risk score is 

determined by the reliability of the effect size estimates. Again very 

large sample sizes are required to produce risk scores that are reliable 

enough to predict disease risk. The emerging picture from studies using 

GCTA or polygenic risk score analysis is that many heritable complex 

disorders, such as schizophrenia, are influenced by thousands of genetic 

variants that individually only contribute little to the heritability. 
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The progress in psychiatric genetics has revealed another important 

aspect of psychiatric disorders: there is substantial genetic overlap 

between disorders. For example, brain-expressed genes and genes that 

are primarily expressed in tissues with an immunological function are 

enriched for variants that are associated with schizophrenia5. This 

suggests genetic overlap between schizophrenia and other brain 

disorders and even between schizophrenia and immune disorders. 

Indeed, statistical techniques such as polygenic risk score analysis and 

multivariate versions of GCTA have been used to show a shared genetic 

basis among psychiatric disorders2, 42 and, to a lesser extent, between 

schizophrenia and immune disorders (Chapter 5). 

It is now clear that common single nucleotide polymorphisms (SNPs), 

which were the focus of this thesis, make a sizeable contribution to the 

heritability of psychiatric disorders and the coheritability between 

psychiatric disorders. However, as will be discussed in the next 

paragraph, common SNPs are not the only type of genetic variants that 

have been associated with psychiatric disorder.  

Beyond common SNPs: a wide variety of data types 

When discussing missing heritability, common SNPs have often been 

pitted against rare variants. As Visscher et al.43 have successfully 

argued, this is a false dichotomy.  Genetic variants along the full 

spectrum of allele frequencies are likely to contribute to disease risk. 

This implies that large-scale family studies complement the traditional 

GWA case-control studies274. While the former are optimally powered to 

detect rare variants with relatively large effects, the latter have optimal 

power to identify common variants with relatively small effect sizes. 
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However, as mentioned in Chapter 3, SNPs, whether common or rare, 

are not the only type of genetic variants that affect disease risk. Copy 

number variations (CNVs), such as insertions and deletions, have been 

associated with psychiatric disorders as well4. Structural risk variants 

are typically rare and often cause severe equally rare genetic 

syndromes, such as Pitt–Hopkins-like syndrome 2, and DiGeorge 

syndrome. Although currently known CNVs associated with psychiatric 

disorders are rare and have large effect sizes, it is likely that more 

common but less severe structural variants exist as well. The arguments 

against the false dichotomy between common and rare variants hold for 

SNPs as well as CNVs. 

Technological advances have made it possible to not only genotype the 

whole genome and study genetic variants, but to measure and study all 

sorts of molecular processes and structures in the cell on a genome-

wide scale. For example, it is possible to study genome-wide gene 

expression in different types of tissues275. While the genetic code is the 

same in all cells and remains relatively fixed across the lifespan, gene 

expression is different across cell types and changes continuously. The 

dynamic nature of gene expression data poses both challenges and 

opportunities compared with static nature of genotype data. Most 

importantly, for psychiatric disorders, the tissue of interest resides in 

the brain. Unlike blood cells, brain cells can only be collected post-

mortem. This obvious limitation has prevented the collection of brain 

expression data in large case-control samples analogous to that 

collected by PGC. Fortunately, many genome-wide gene expression 

studies that have been performed are publicly available and their results 

can be combined and reanalyzed when new samples become 

available276-278. These databases contain results of expression studies on 

different types of tissue, including post-mortem brain tissue.  
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Another source of data that is becoming increasingly important is the 

ENCODE database70. Genes only constitute 1% of the human genome. 

The encyclopedia of DNA elements (ENCODE) aims to systematically 

map all sorts of functional elements to the human genome70. Besides 

gene regions, this includes for example transcription regions, 

transcription factor association, chromatin structure, histone 

modification, and methylation. Based on this broad definition of function, 

80% of the genome can be assigned a function70. Although the exact 

biological functions of these regions remain unclear, results from the 

ENCODE project clearly suggest that many non-coding regions in the 

genome may have regulatory functions. 

The size and richness of data resources currently available to genetic 

researchers illustrates that genetic research has become big data 

research279, 280. Genome browsers, such as the UCSC browser281 

mentioned in Chapter 3, have an important role to play in providing a 

single intuitive framework that facilitates exploration of these big data 

resources. However, this abundance of easily accessible genome-wide 

data also poses an important statistical challenge, as discussed in the 

next paragraph.  

Statistical limitations of big data 

The challenges big data research poses are often framed in terms of 

technological infrastructure. What infrastructure should be used to store, 

retrieve, and analyze the vast amounts of data involved in big data 

research?279. Although these are important considerations, they do not 

address another fundamental issue in big data research: the curse of 

dimensionality. The curse of dimensionality refers to the fact that as the 

number of independent parameters to be estimated increases, the size 

of the parameter space grows exponentially. For example, to determine 
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whether or not a single genetic variant is associated with a disorder only 

two possibilities (yes/no) need to be distinguished. However, if we want 

to determine for each of a thousand genetic variants whether or not 

they are associated with a disorder, the number of possibilities is a 

stunning 21000, which is approximately 10131. This parameter space is 

much larger and it is intuitively clear that given the same sample size 

less information will be available to determine exactly which genetic 

variants are associated when analyzing 1000 variants compared with 

analyzing a single variant. Due to the curse of dimensionality, realistic 

sample sizes are not sufficient to reliably determine which variants are 

associated and which are not, without imposing some restrictions on the 

statistical model used or accepting large type 1 or type 2 error rates. 

Even in large GWA studies the number of subjects is much smaller than 

the number of independent parameters to estimate.  Given the genome-

wide statistical threshold of 5x10-8 used for multiple testing correction, 

we effectively assume that 1,000,000 independent tests are performed. 

This is much more than the largest GWA sample sizes currently 

available, which to date are in the order of hundreds of thousands. In 

other words, the average number of subjects per dependent variable is 

much smaller than one. It is therefore impossible to estimate all effect 

sizes in a single logistic regression model. The current practice is 

therefore to analyze all genetic variants independently and correct for 

multiple testing (hence the stringent threshold of p < 5x10-8). That way, 

false positives are mostly avoided at the cost of a large number of false 

negatives. Further increasing sample sizes will reduce this number of 

false negatives. However, the low power of GWA studies results in the 

winner’s curse: effect sizes of significant findings tend to be 

overestimations282. As Chapter 6 and 7 illustrated, other biases (in both 
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directions) can occur as well when analyzing GWA data one SNP at a 

time. 

The curse of dimensionality is felt even greater when analyzing 

interactions between genetic variants (epistasis). As Chapter 8 

discussed, it is impossible to empirically estimate the amount of 

epistasis without making overly strong assumptions. Analyzing all 

possible two-way interactions would require such strict multiple testing 

comparisons that the power to detect any effect would be negligible. In 

practice, researchers only analyze interactions between genetic variants 

with significant main effects or target specific interactions based on 

biological hypotheses.  Whether main effects or epistastic effects are 

analyzed, either way large sample sizes are required to achieve 

sufficient power for detecting relatively small effect sizes in GWA 

studies283, 284. 

Because not all variants can be modeled simultaneously in a single 

regression model, alternative models have been proposed to model the 

relationship between genotype and disease. As discussed earlier, GCTA 

imposes an additional assumption on the distribution of SNP effect sizes 

to estimate the total heritability222. However, the imposed normal 

distribution strongly biases all effect size estimates towards zero. Since 

we expect most effect sizes to be small, a symmetric distribution 

centered around zero is a realistic assumption. Nonetheless, GCTA 

illustrates the fundamental principle that if the sample size is smaller 

than the number of independent parameters, strong additional model 

assumptions are required to successfully analyze GWA data in a single 

model. Similarly, in polygenic risk score analysis tens of thousands of 

independent genetic variants can be used to predict disease risk (see 

Chapter 5). However, the quality of the risk score is determined by the 
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reliability of the effect size estimates. Again very large sample sizes are 

required to produce risk scores that are reliable enough to predict 

disease risk. 

Polygenic risk score analysis is a relatively simple procedure for 

predicting disease risk. Pirooznia and colleages285 therefore compared 

the prediction error of polygenic risk score with five more sophisticated 

machine learning approaches: Bayesian networks, lasso regression, 

support vector machines, radial basis functions, and random forests. 

They concluded that, to their own surprise, polygenic risk score 

prediction performed at least as well as any of the five other 

approaches. Specifically, only Bayesian networks performed as well as 

polygenic risk score. Although machine learning techniques are in 

principle capable of capturing much more complex relationships between 

genotype and phenotype than polygenic risk score, they may require 

even larger sample sizes to do so. 

Despite statistical advances to analyze GWA data, such as GCTA and 

polygenic risk score analysis, it is clear that any purely data-driven 

approach suffers from the curse of dimensionality. Further increasing 

sample sizes is useful, but does not circumvent this fundamental 

limitation. As mentioned in Chapter 3, candidate gene studies have 

much higher power due to their focused approach. However, the 

hypothesis-driven approach of candidate gene studies has limitations as 

well, since it requires plausible hypotheses that do not exist for most 

genetic variants. Combining a data-driven with a hypothesis-driven 

approach would combine the strengths of both approaches. To achieve 

this, biological information about functionality of genomic regions, such 

as collected by the ENCODE project, may be used to augment a data-

driven statistical analysis. For example, the weighting of genetic variants 
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in polygenic risk score analysis is based on effect sizes from a traditional 

GWA study. However, it is clear that some regions in the genome are 

more likely to harbor genetic effects than others. For example, Gusev 

and colleagues286 partitioned the heritability explained by genotyped 

SNPs. They show that while coding regions only cover 1% of the 

genome, genetic variants in coding regions explain 8% of the SNP 

heritability.  Similarly, DNase1 hypersensitivity sites from 218 cell types 

span 16% of the genome, but explain on average 79% of the 

heritability. This type of information could be used to further adjusted 

SNP weights in polygenic risk score analysis to reflect the a priori 

probability that specific region contributes to the heritability of a 

disorder. Similarly, the fact that genetic variants associated with 

schizophrenia are enriched with variants that are close to brain 

expressed genes suggests that not all genetic variants are equally likely 

to contribute to disease risk. The incorporation of additional independent 

biological information in the statistical analysis of GWA data may not 

only provide biological insight, but can focus the statistical analysis in a 

way that is similar to a hypothesis-driven approach, without a priori 

restricting the genetic variants to a small subset. 

What makes psychiatric disorders complex? 

Although it has been possible to empirically show that at least thousands 

of independent genetic variants must cumulatively contribute to the risk 

of complex disorders like schizophrenia, which genetic variants are 

involved and how they contribute to disease risk is still largely unknown. 

This complex etiology of psychiatric disorder raises the question about 

the type of complexity of the biological mechanisms that underlie 

psychiatric disorders. 
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It has been hypothesized that once the majority of these SNPs have 

been identified a relatively simple pattern will emerge on the level of 

pathways, explaining why specifically these genetic variants are 

associated with schizophrenia. For example, Ruano and colleagues287 

have shown that synaptic heterotrimeric G proteins play a role in 

cognitive ability. Although the functional gene group they identified only 

explains 3.3% of the variance in cognitive ability, this is more than the 

variance explained by any single gene. However, these results also 

suggest that other, possibly many different, pathways play a role in 

cognitive ability. It is therefore possible that future empirical testing will 

show large complexity on both the SNP level and the pathway level. 

Besides empirically testing which factors contribute to heritability on 

different biological levels (e.g., SNP, gene, or pathway), it is also 

important to think about the implications of different levels of 

complexity. One possible outcome of future research is that psychiatric 

disorders and phenotypes, although complex on the SNP level, are 

relatively simple on the pathway level. However, it is also possible that 

the genetic complexity of psychiatric disorders is not only large on the 

SNP level, but also on the pathway level. Although such differences in 

complexity have important implications for genetic research, we 

currently lack a theoretical framework to quantify and classify them. 

The most common distinction in genetic complexity that is typically 

made is that between Mendelian and complex diseases. Such a crude 

distinction resembles the “one, two, many” counting vocabulary of some 

Aboriginal tribes that did not feel the need to distinguish numbers larger 

than two288. Contrary, in mathematics even different types of infinity 

have been distinguished, for example countable and uncountable 

infinity. Such distinctions greatly facilitate the reasoning about a 

heterogeneous concept such as infinity. Similarly, it would be useful to 
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use and develop measures of genetic complexity to systematically 

categorize heritable diseases in terms of genetic complexity. Some 

genetic measures currently in use can be used to serve this purpose. 

Heritability estimates of a disease quantify the genetic basis of diseases 

in a particular population. Estimates of coheritability make it possible to 

create a genetic map from which disease clusters may arise that provide 

additional biological insight. Estimates of the number of independent 

genetic variants contributing to the heritability provide insight in the 

degree of genetic complexity on the SNP level. However, once genetic 

effect sizes are being estimated on different biological levels (SNPs, 

genes, pathways, etc.), it becomes important to develop measures that 

take the relationship between different levels of complexities into 

account. 

To illustrate the importance of measures of genetic complexity, it is 

useful to compare the genetic complexity of schizophrenia with other 

complex phenotypes. Intuitively it seems that the heterogeneity and the 

relatively subjective criteria to diagnose schizophrenia have made it 

especially difficult to identify genetic variants for schizophrenia. Indeed, 

the number of SNPs estimated to be associated with schizophrenia 

(8,000) is larger than the number of SNPs associated with, for example, 

type 2 diabetes (3,000), even though the variance in disease liability 

explained by common SNPs was similar for both disorders32, 55. This 

suggests that schizophrenia is genetically more complex than type 2 

diabetes, since more common SNPs with smaller effect size are involved. 

More generally, it may be hypothesized that the genetic architecture of 

brain-related disorders is more complex than that of a simple objective 

measure such as human height. However, height is a very complex 

phenotype. For example, it is estimated that 45% of the variance in 

height can be explained by common SNPs across the genome, again 
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indicating that many genetic variants with small effect sizes contribute 

to the heritability52, 53. Because height and schizophrenia have not been 

directly compared in terms of a single complexity measure, it is difficult 

to assess which of the two is more complex. Park and colleagues91 

estimated the distribution of effect sizes for several complex 

phenotypes, adjusted for power differences, including height and type 2 

diabetes, but not schizophrenia. The SNP effect sizes for height were 

smaller than, for example, those for type 2 diabetes, indicating that 

height is genetically more complex than type 2 diabetes as well. Using 

quantitative measures to reason about genetic complexity makes it 

possible to create a complexity map of phenotypes and answer 

interesting hypotheses, such as whether brain disorders are genetically 

more complex than other disorders. Genetic complexity also has 

important implications for research design. It has been argued that 

instead of studying psychiatric disorders directly, endophenotypes 

should be studied instead68.  Endophenotypes are biological phenotypes 

that are correlated to the disorder of interest, but arguably have a less 

complex relationship with the genotype. Therefore the genetic 

complexity of psychiatric disorders and related endophenotypes can be 

assessed to check whether or not specific endophenotypes are 

genetically less complex than a related phenotype. These examples 

illustrate the usefulness of reasoning about genetic complexity and the 

need for refinement and standardization of complexity genetic 

measures. Complexity estimation allows a systematic categorization of 

disorders and other phenotypes beyond the dichotomous distinction of 

complex versus Mendelian. 

Of course genetic complexity is a much richer concept than merely the 

number of genetic variants associated with a disorder and the size of 

their effect sizes. The substantial genetic overlap between psychiatric 
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disorders suggests a large amount of pleiotropy: many genetic variants 

are associated with multiple disorders2, 42. This is not surprising given 

the genetic complexity of brain disorders. SNPs and genes are low-level 

building blocks that take part in low-level cell processes. Genes 

presumably serve a useful function in one or more cellular processes 

and have not been evolved to specifically cause psychiatric disorders. In 

this sense psychiatric disorders may be an unfortunate side effect of a 

genetic make-up and it may be misleading to talk about schizophrenia 

genes, as if these genes specifically cause schizophrenia. The fact that 

genes are often associated with multiple disorders again suggests a level 

of genetic complexity that we are only starting to comprehend. 

Although geneticists recognize the genetic complexity of psychiatric 

disorders, they use relatively simple additive models that assume a 

direct causal relation between genetic variants and phenotypes289. This 

is mainly because of the statistical limitations discussed earlier. To 

return to the primary question of this section “What makes psychiatric 

disorders complex?” I would like to discuss an alternative view on this 

matter. An implicit assumption in most genetic studies is that variations 

in the genetic code play a coordinating role in the development of a 

psychiatric disorder. However, such a central coordination system does 

not necessarily exist. Instead, psychiatric disorders may be emergent 

properties of a complex self-organizing biological system. A simple 

example of an emergent property is swarming290. When fish, birds, or 

insects swarm they seem to move together in a coordinated way, all 

moving in the same direction. However, swarming is an emergent 

property, because there is no central coordination. Instead, coordination 

of movement is distributed across all animals. Each animal behaves 

according to simple rules that only involve the behavior of their close 

neighbors. The result of these simple rules is that the aggregate of all 
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individuals move in a seemingly coordinated manner. However, none of 

the individual animals cause the swarm. In fact, removing a subset of 

individuals only makes the swarm smaller, but does not change its 

fundamental properties. The difficulty of emergent properties is that 

although they may be explained, they do not have simple causes in the 

traditional sense. Therefore, if psychiatric disorders are indeed emergent 

properties of a self-organizing biological system, the notion of 

identifying genes causing a psychiatric disorder may be misleading. 

Instead, many different combinations of genetic variants may make 

someone more or less liable to multiple disorders. This scenario fits well 

with the current picture that many genetic variants of small effect size 

explain phenotypic variation of a multitude of disorders2, 42. 

The perspectives and ideas of complexity theory, such as the notion of 

emergent properties, are relevant in the context of complex genetics. If 

anything, it reminds us that significant results from additive statistical 

models do not imply biological causation. In fact, if psychiatric disorders 

are indeed emergent properties, explaining them biologically in terms of 

genetic variation may not be the most parsimonious explanation. For 

example, Markov and Markov291 used simulations to argue that 

ontogeny, the development of an ordered complex multi-cellular 

organism from one dividing cell, may be an emergent property that can 

be explained by dividing self-coordinating individual cells following a 

single set of rules stored in the genotype. Although such simulation 

studies are always speculative in nature, they do show that relatively 

simple biological rules can produce phenotypes that are complex from 

the perspective of statistical genetics.  

Even then, empirically studying statistical properties in psychiatric 

genetics remains important. Reliable statistical patterns of disease risk, 
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onset, and treatment are necessary to effectively assess disease risk, 

disease onset, and may help improving current treatments. On the other 

hand, studying the statistical implications of different types of disease 

complexity through simulation studies may provide additional insight in 

the types of genetic complexity that are compatible with results from 

empirical studies. 

Future perspectives 

Despite the enormous genetic complexity of psychiatric disorders, the 

last few years have shown an enormous progress in the field of 

psychiatric genetics. Large sample sizes have been collected and have 

provided new insights in some of the biological factors contributing to 

the etiology of schizophrenia, such as the confirmation of the role of 

dopamine pathways and the role of immune processes. Further progress 

is expected in at least three areas: samples sizes, advances in 

biotechnology, and statistical innovations. 

First, because of the curse of dimensionality increasing sample sizes 

remains important; not only for those few disorders for which sample 

sizes are already substantial, but also for heritable disorders and related 

phenotypes for which currently no large sample sizes are available. At 

some point, due to both technological and societal changes, some 

countries may even introduce legislation to sequence and store 

genotypes at birth by default for both medical and research purposes. 

The use of medical national registers for research purposes in 

Scandinavian countries have shown that the benefits can be 

substantial292, 293. The balance between privacy concerns and research 

potential is clearly a delicate one294-296 and the risks for individual 

privacy should be mitigated by a sufficiently protecting strong legal 
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framework. Despite the ethical implications, databases containing both 

genotypes and medical phenotypes over the lifespan would provide an 

enormous impetus for genetic research and medical research in general. 

Second, technological advances in biotechnology will open up new 

possibilities. Technological breakthroughs like pluripotent stem cell 

research297 allow experimental designs involving living human brain cells 

that were previously impossible for obvious ethical reasons. Additionally, 

as more laboratory procedures are automated, the cost of all sorts of 

biological data will drop and additional types of genome-wide data will 

become available. Future biological data is likely to be cheaper, of 

higher quality, and more diverse. These developments will help in 

providing insight in biological processes, and undoubtedly raise new 

interesting questions. The problem with many bioinformatics databases 

to date is that only a fraction of biological processes is well understood. 

For example, information about genetic pathways is often limited to 

relatively low-level cell processes and it is unclear what percentage of 

cell processes has been identified. Often, limited sample sizes play a role 

too. Although many genome-wide gene expression studies have been 

performed, their sample sizes are relatively small, making it difficult to 

obtain a reliable genome-wide picture of normal gene expression in 

humans. 

Finally, as discussed, large and diverse sets of data pose statistical 

challenges. Although the fundamental limitation of the curse of 

dimensionality cannot be avoided, new statistical models may be 

developed that efficiently deal with this complexity. Either by simplifying 

the parameter space, such as in GCTA, or by using independent 

biological data sets to augment existing statistical methods, such as the 

use of ENCODE data to adjust the weight of genetic variants in polygenic 
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risk score. Ideally, a new breed of statistical methods will emerge that 

combine the strengths of data-driven and hypothesis-driven approaches. 

Of course genetic research is not without limitations. Although 

personalized medicine is currently hotly debated, the reliability of 

genetic testing for personal use will always be limited by the heritability 

of a disease298. For example, a person with a monozygotic twin sibling 

that is a schizophrenia patient has a 48% chance to become a 

schizophrenia patient as well24. This is much larger than the 0.4% 

lifetime prevalence of schizophrenia299. Unless heritability is 100%, 

disorders are always somewhat influenced by environmental factors. It 

is therefore important to study the relation between genetics and 

environmental factors as well. In this context, environmental factors are 

any factors that are not explicitly encoded in the genome. These include, 

for example, epigenetic effects that result from changes in the molecular 

configuration of chromosomes and may be passed on from parents to 

children300. 

Concluding, psychiatric genetics is a multidisciplinary field with a bright 

future. Based on past and future contributions of geneticists, physicians, 

statisticians, (bio)engineers, computer scientists, and even complexity 

theorists we will discover more and more about the genetic etiology of 

psychiatric disorders. However, despite its bright future, it is important 

to not expect instant miracles. If anything, past results show that these 

disorders are incredibly complex and the exact nature of this complexity 

is still not understood. With respect to understanding the genetic basis 

of psychiatric disorders we are only at the very beginning of a long but 

exciting journey. 

  


