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SUMMARY

Summary
Previous research has identified cumulative trauma exposure and individual risk
factors, including the (epi)genetic make-up of a person, as central components in the
etiology of posttraumatic stress disorder (PTSD). Yet, the identification of causal
genetic variants requires an adequate assessment and consideration of traumatic
experiences, sufficiently powered statistical methods to detect the minor genetic
effects, their independent replication, and a more comprehensive understanding of
associated biological processes, including epigenetics. Hence, the present thesis
focuses on how to best quantify trauma exposure in the context of (epi)genetic studies
and introduces an integrated research approach to identify biological risk factors for
PTSD.
The risk to develop PTSD increases with a higher number of traumatic event
types experienced (traumatic load). However, the impact of specific events on the risk
to develop a PTSD may differ. Weighting them accordingly could allow for a more
precise identification of genetic risk variants for PTSD development. Study I included
rebel war survivors from Northern Uganda (N = 441) and applied the statistical
methods Random Forest embedded in a Conditional Inference framework (RF-CI) and
the Least Absolute Shrinkage and Selection Operator (LASSO) to rank traumatic
events according to their predictive importance for PTSD. The ranking of events
obtained by both models was then used to predict the PTSD status of an independent
cohort (N = 211 individuals from Northern Uganda exposed to the same conflict) and
results were compared to predictions obtained by the sum score of different traumatic
event types experienced (“traumatic load”). The ranking of events using RF-CI
discriminated the most accurately between PTSD cases and controls, followed by the
sum score and the events’ ranking by LASSO. However, the expense in time and
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calculation effort does not justify the additional complexity introduced to (epi)genetic
studies by RF-CI calculations. We therefore recommend to use traumatic load, the sum
score of traumatic event types experienced, as the most economic measure of trauma
exposure in future (epi)genetic research and applied it in the subsequent studies of
this thesis.
Genome-wide association studies (GWAS) test for associations of not only one
single nucleotide polymorphism (SNP) but millions of genetic variants with PTSD risk
simultaneously. Despite the gain of knowledge through previous GWAS, pointing
towards the involvement of memory-associated genes in PTSD etiology, inconsistent
measures for trauma exposure were used and were never considered directly in the
genome-wide analyses. This might be the reason why only a few studies could
replicate their findings. Study II conducted a GWAS on the risk of developing a lifetime
PTSD in N = 924 rebel war survivors from Northern Uganda including traumatic load
as a covariate. We identified seven suggestively significant SNPs (p ≤ 1 × 10-5), of
which SNP rs3852144 (chromosome 5) could be replicated in a cohort of N = 369
survivors of the Rwandan genocide. While traumatic load increased PTSD risk in a
dose-dependent manner, individuals with higher number of minor G-alleles were less
likely to suffer from PTSD. Correspondingly, we found a decreased memory for
negative pictures with increasing number of minor G-alleles in a cohort of healthy
Swiss individuals (N = 2,698). Moreover, SNP rs3852144 was significantly associated
with the change in PTSD symptom score through psychotherapy (N = 90 PTSDdiagnosed rebel war survivors from Northern Uganda). Though the exact biological
mechanisms of the reported associations need to be further elucidated, the results of
this study underscore the role of memory-associated variants in PTSD etiology and the
potential to combine basic and traumatic memory research.

2
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For a more comprehensive picture on how genetic markers influence disease
risk, it is of importance to understand the operational context of the respective gene
and associated biological processes, such as epigenetic modifications. As a first step,
Study III combined candidate gene, epigenetic and gene set enrichment analyses on
the stress- and memory-associated Neurogenic locus notch homolog protein (NOTCH)
family. Our analyses revealed an uncorrected significant association of lifetime PTSD
risk with SNP rs2074621 (NOTCH3, chromosome 19) in N = 922 Ugandan rebel war
survivors, which could be replicated in N = 369 Rwandan genocide survivors. Further
we found an uncorrected significant association of lifetime PTSD risk with the
methylation of cytosine phosphodiester guanine (CpG) site cg17519949 (NOTCH3) in
N = 331 Rwandan genocide survivors and significant enrichment for associations of
two NOTCH-related gene sets with lifetime PTSD risk in the Ugandan cohort (N = 924).
Taken together the results indicate NOTCH genes and related gene sets as a potential
risk mediator for PTSD development. The previously described role of NOTCH in fear
memory consolidation and fear reactions may provide possible explanations on the
biological mechanisms underlying its association with PTSD development.
This thesis identified traumatic load as simplest measure of trauma exposure
which should be used in future (epi)genetic analyses and demonstrates the potential
to combine different methodological approaches to unravel the biological
underpinnings of PTSD development. The discovery of novel genes and determination
of biological pathways, particularly of those involved in pathological memory formation,
may also constitute the basis for future PTSD treatment studies.
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Zusammenfassung
Neben kumulativen traumatischen Erfahrungen beeinflussen individuelle
Risikofaktoren, z.B. (epi)genetische Ausprägungen, das Risiko eine Posttraumatische
Belastungsstörung (PTBS) zu entwickeln. Um zugrundeliegende Genvarianten zu
identifizieren, bedarf es einer adäquaten Berücksichtigung erlebter Traumata,
Methoden ausreichender statistischer Power zur Identifikation der oft schwachen
genetischen Effekte, deren unabhängiger Replikation sowie eines umfassenderen
Verständnisses

assoziierter

biologischer

Prozesse,

z.B.

epigenetischer

Modifikationen. Die vorliegende Thesis untersucht Möglichkeiten zur Quantifizierung
traumatischer Erfahrungen in (epi)genetischen Untersuchungen und präsentiert einen
integrativen Forschungsansatz zur Identifikation biologischer Risikofaktoren für PTBS.
Das Risiko eine PTBS zu entwickeln, steigt mit der Anzahl traumatischer
Erfahrungen (Traumalast). Dabei könnten spezifische Ereignisse das Risiko einer
PTBS unterschiedlich stark beeinflussen, wobei eine entsprechende Gewichtung die
präzisere Identifikation genetischer Risikovarianten für PTBS ermöglichen könnte.
Studie I untersuchte Überlebende eines Rebellenkrieges in Norduganda (N = 441).
Zur Erstellung einer Rangfolge der Wichtigkeit traumatischer Ereignisse für die
Entwicklung einer PTBS wurden die statistischen Methoden Random Forest
Conditional Inference (RF-CI) und Least Absolute Shrinkage and Selection Operator
(LASSO) verwendet. Die Rangfolge beider Verfahren wurde zur Vorhersage der
PTBS-Diagnose in einer unabhängigen Stichprobe genutzt (N = 211 Überlebende
desselben Krieges in Norduganda) und mit der Prädiktion durch den Summenwert
traumatischer Ereignisse („Traumalast“) verglichen. Die genaueste Vorhersage der
PTBS-Diagnose lieferte die mit RF-CI erstellte Rangfolge traumatischer Ereignisse,
gefolgt vom Summenwert und der durch LASSO erstellten Rangfolge. Da RF-CI
jedoch mit einem deutlich größeren Zeit- und Rechenaufwand verbunden ist, wird für
4
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zukünftige (epi)genetische Studien der Summenwert als wirtschaftlichstes Verfahren
empfohlen und fand entsprechend Anwendung in den weiteren Studien dieser Arbeit.
Genomweite
Zusammenhänge

Assoziationsstudien
zwischen

einem

(GWAS)

Phänotyp

und

testen,
einem

ob

signifikante

Einzelnukleotid-

Polymorphismus (SNP) bestehen, wobei nicht nur eine Einzige, sondern Millionen von
Genvarianten gleichzeitig betrachtet werden. Bisherige GWAS lieferten bedeutende
Erkenntnisse zu genetischen Prädispositionen für PTBS, insbesondere wurde auf die
Rolle gedächtnis-relevanter Gene in der Entwicklung von PTBS hingewiesen.
Allerdings bestand zwischen den Studien eine starke Inkonsistenz in der
Quantifizierung der Traumaexposition, die in keiner Studie direkt in die genomweiten
Analysen eingeschlossen wurde, was Ursache für die oft fehlende Replikation der
Befunde sein könnte. Die in Studie II berechnete GWAS (N = 924 Kriegsüberlebende
aus Norduganda) berücksichtigte daher Traumalast als Kovariate. Insgesamt sieben
SNPs zeigten einen suggestiv signifikanten Zusammenhang (p ≤ 1 × 10-5) mit
Lebenszeit-PTBS, von denen SNP rs3852144 (Chromosom 5) in einer Stichprobe von
N = 369 Überlebenden des Ruandischen Genozids repliziert wurde. Neben dem DosisWirkungseffekt der Traumalast auf das PTBS-Risiko, zeigte sich ein vermindertes
Risiko für PTBS bei Personen mit höherer Anzahl des selteneren G-Allels.
Entsprechend fand sich eine geringere Gedächtnisleistung für negative Bilder mit
zunehmender Häufigkeit des selteneren G-Allels in einer Population gesunder
Schweizer (N = 2,698). Zudem zeigte sich eine signifikante Assoziation von SNP
rs3852144 mit der PTBS-Symptomveränderung im Therapieverlauf (N = 90 PTBSdiagnostizierte Kriegsüberlebende aus Norduganda). Obgleich die zugrundeliegenden
biologischen Mechanismen noch untersucht werden müssen, demonstrieren die
Befunde die Bedeutung gedächtnis-assoziierter Genvarianten für die Entwicklung von
PTBS und das Potential Gedächtnis- und Trauma-Forschung zu kombinieren.
5
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Ein

umfassenderes

Verständnis,

wie

genetische

Marker

die

Krankheitsentstehung beeinflussen, verlangt die Berücksichtigung des Kontextes, in
dem Gene agieren, und die Betrachtung assoziierter biologischer Prozesse, z.B.
epigenetischer Veränderungen. In Studie III wurde die Analyse von Kandidatengenen,
Epigenetik und funktionellen Gen-Sets kombiniert, um die Neurogenic locus notch
homolog

protein

(NOTCH)-Genfamilie

zu

untersuchen,

die

bereits

mit

Gedächtnisprozessen und Stressreaktionen in Verbindung gebracht wurde. Unsere
Analysen

zeigten

einen

unkorrigiert

signifikanten

Zusammenhang

zwischen

Lebenszeit-PTBS und SNP rs2074621 (NOTCH3, Chromosom 19) in einer Stichprobe
nordugandischer Kriegsüberlebender (N = 922), der in einer Gruppe ruandischer
Genozid-Überlebender (N = 369) repliziert wurde. Weiterhin zeigte sich eine
unkorrigiert signifikante Assoziation mit der Methylierung des Cytosin-PhosphodiesterGuanine (CpG)-Nukleotids cg17511949 (NOTCH3, N = 331 ruandische GenozidÜberlebende) und eine signifikant verstärkte Assoziation von zwei NOTCH-bezogenen
Gen-Sets mit dem Risiko eine Lebenszeit-PTBS zu entwickeln (N = 924
Nordugandische Kriegsüberlebende). NOTCH-Gene und funktionelle Gen-Sets
scheinen einen möglichen Risikofaktor bei der Entwicklung von PTBS darzustellen.
Biologische Mechanismen könnten u.a. eine veränderte Angstreaktion und
Furchtkonsolidierung sein, die wie früher gezeigt, durch NOTCH beeinflusst werden.
Die vorliegende Arbeit identifizierte die Traumalast als einfachstes Maß zur
Erfassung der Traumaexposition in (epi)genetischen Studien und verdeutlicht das
Potential verschiedene methodische Ansätze bei der Untersuchung biologischer
Ursachen für die Entstehung der PTBS zu kombinieren. Die Entdeckung
zugrundeliegender neuer Gene und biologischer Pfade, vor allem solcher die die
pathologische Gedächtnisbildung fördern, könnten als Grundlage zukünftiger Studien
zur erfolgreichen Behandlung von PTBS dienen.
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Figure 1. Schematic illustration how trauma exposure (either assessed as the sum
score of different traumatic event types or weighted by statistical procedures), genetic
and epigenetic factors impact the risk to develop posttraumatic stress disorder (PTSD)
and its treatment. The investigation of the effect of epigenetics on PTSD treatment
success was not part of this thesis and is therefore displayed in lighter grey. RF-CI =
Random Forest embedded in a Conditional Inference framework; LASSO = Least
Absolute Shrinkage and Selection Operator
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General introduction
Ongoing conflicts and wars lead to a continuously increasing number of forcibly

displaced people all over the world. According to the latest global report of the United
Nations High Commissioner for Refugees (UNHCR), by the end of 2017 the number
of refugees has exceeded 70 million worldwide, with an increase of 5.4 % compared
to 2016 (United Nations High Commisioner for Refugees, 2017). The confrontation with
death, injury, prosecution, torture, and destruction, can be highly traumatic and
increases the vulnerability to develop trauma-spectrum disorders such as
posttraumatic stress disorder (PTSD).
PTSD is characterized by the persistent unwanted re-experiencing of the
traumatic events, e.g., in form of flashbacks or nightmares, the avoidance of potentially
trauma-reminding cues, emotional numbing, negative alterations in mood and
cognition and increased alertness or arousal. PTSD symptoms can lead to severe
individual suffering and a decreased functionality of the affected individuals (American
Psychiatric Association, 2013). Furthermore, PTSD has been associated with an
elevated risk for diverse physical health impairments (Glaesmer, Brähler, Gündel, &
Riedel-Heller, 2011; Kubzansky et al., 2014; Roberts et al., 2015; Schry et al., 2015;
Scott et al., 2013), and increased suicidality (Jakupcak et al., 2009; Panagioti,
Gooding, Triantafyllou, & Tarrier, 2015). A better understanding of predisposing factors
for PTSD after trauma is crucial to prevent its development or at least help affected
individuals to recover.
The experience of different types of traumatic events (traumatic load) increases
PTSD risk (Mollica, McInnes, Poole, & Tor, 1998; Neugebauer et al., 2009; Neuner et
al., 2004) in a building block manner (Schauer et al., 2003). At extremely high levels
of traumatic load, the effect of trauma exposure predominates other risk and resilience
factors and almost everyone will develop a PTSD (Kolassa, Ertl, Eckart, Kolassa, et
8
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al., 2010). However, there seems to be a significant influence of inter-individual factors
at lower levels of traumatic load.
A growing body of research in the past years investigated genetic variants and
epigenetic modifications as individual risk factors for PTSD development after trauma
(for reviews see Almli, Fani, Smith, & Ressler, 2014; Cornelis, Nugent, Amstadter, &
Koenen, 2010; Klengel, Pape, Binder, & Mehta, 2014; Sheerin, Lind, Bountress,
Nugent, & Amstadter, 2017; Smoller, 2016; Voisey, Young, Lawford, & Morris, 2014;
Wilker, Elbert, & Kolassa, 2014). In addition, four studies showed genotype-dependent
differences in response to therapeutic interventions for PTSD (Bryant et al., 2010;
Felmingham, Dobson-Stone, Schofield, Quirk, & Bryant, 2013; Mushtaq, Ali, Margoob,
Murtaza, & Andrade, 2012; Wilker, Pfeiffer, et al., 2014). The majority of previous
studies conducted in the field were candidate gene association analyses and to a
lesser extent genome-wide association analyses (reviewed in Almli et al., 2014; Voisey
et al., 2014). Candidate gene studies are based on a priori hypotheses on a gene’s
function and test whether the phenotype of interest is associated with a single
nucleotide polymorphism (SNP) or several SNPs within the preselected gene(s). On
the contrary, genome-wide association studies (GWAS) represent an untargeted
approach and test for associations of millions of SNPs simultaneously, which allows
for the identification of novel genetic markers underlying disease risk (Cornelis et al.,
2010).
Yet, the understanding about the biological processes underlying PTSD is still
in its infancy. A major limitation of most previously conducted genome-wide and
candidate gene association studies is the neglect of the environmental factor
(traumatic load). Furthermore, the amount of variance explained by single loci is small,
and GWAS in particular require sufficiently large study cohorts to detect the minor
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effects of causal genetic variants and replicate them in independent study cohorts
(Sheerin et al., 2017).
Gene set enrichment analyses (GSEA), also known as genetic pathway
analyses, represent a valuable tool to overcome the frequently observed power
problem. Unlike GWAS or candidate gene studies, which test for associations of single
loci, GSEA test for enriched associations of functionally related gene sets with the
phenotype of interest and thus allow to better understand the environment in which the
identified gene acts (Segrè et al., 2010; Wang, Li, & Hakonarson, 2010). Furthermore,
epigenetic modifications that influence gene expression by affecting the transcriptional
accessibility of the deoxyribonucleic acid (DNA; Bonasio, Tu, & Reinberg, 2010)
represent an important mechanism to consider in the development of PTSD,
particularly as being responsive to the environment (Klengel et al., 2014).
The aim of this thesis was to identify genetic markers associated with lifetime
PTSD risk and several related outcome measures including memory performance and
treatment success. We combined GWAS, candidate gene analyses, GSEA and
epigenetic DNA methylation analyses, while accounting for the environmental factor
traumatic load in the statistical analyses. A better understanding of the individual
differences in PTSD vulnerability and therapy outcome may allow for the identification
of individuals at risk and a personalization of treatment. Further, the results of this
thesis may contribute to the development of pharmacological interventions that either
prevent PTSD after trauma exposure or complement psychotherapeutic interventions.
The following paragraphs, which form the theoretical background of this thesis,
will provide information on the epidemiology of PTSD and the fear network model as a
neurocognitive rationale for the development and treatment of PTSD. Furthermore, the
role of traumatic experiences in PTSD etiology and the need for adequately assessing
lifetime traumatic stress exposure in (epi)genetic studies will be discussed. Afterwards,
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evidence from GWAS and candidate gene studies on the genetic contribution to PTSD
risk and shortcomings of both methods will be described, followed by possibilities to
overcome these challenges. In more detail, the consideration of associated biological
processes, such as epigenetic modifications that influence the transcriptional
accessibility of the genome, and methods that allow for a better understanding of the
context in which genes work, like GSEA, will be introduced. The last chapter provides
a summary of the aims of this thesis.

1.1

The epidemiology of posttraumatic stress disorder after
trauma: Prevalence and correlates
According to the latest version of the Diagnostic and Statistical Manual of Mental

Disorders (DSM-5; American Psychiatric Association, 2013), a trauma is defined as
the exposure to actual or threatened sexual violence, injury or death. The affected
person may either be directly exposed, and/or indirectly confronted with aversive
details of the event during his or her professional work, witness the exposure of another
individual, and/or learn that a close relative or friend has been exposed to the event
(American Psychiatric Association, 2013).
A study of the World Mental Health Survey Consortium including 68,894
respondents from 24 countries across six continents showed that more than two-thirds
of the global population experience at least one traumatic event, e.g. accident, injury,
interpersonal violence or natural disaster, during their lifetime (Benjet et al., 2016). The
exposure of traumatic stressors may result in mental suffering and can lead to the
development of trauma-spectrum disorders. Yet, the minority of individuals exposed to
traumatic events will develop the full picture of a PTSD.
The diagnosis of PTSD according to DSM-5 (American Psychiatric Association,
2013) requires the persistence of a specific amount of symptoms from the following
11
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four symptom clusters: (A) intrusive re-experiencing of the traumatic event in the form
of recurrent dreams, thoughts, pictures, sensations or flashbacks, (B) active avoidance
of potentially trauma reminding places, people or activities, (C) emotional numbing as
well as continuing alterations in mood and cognition, and (D) a persistent state of
increased alertness or arousal, over a period of at least one month. As a consequence,
individuals suffering from PTSD show severe impairments in daily functioning (i.e. the
ability to function in school, at work, or in social interactions; American Psychiatric
Association, 2013).
Literature on PTSD consistently reports on a complex dysregulation of the
hypothalamic-pituitary-adrenal (HPA) axis, which constitutes a key regulator of the
human stress response (for a review see Mehta & Binder, 2012). In case of a perceived
stressor, the hypothalamus triggers the release of corticotrophin releasing hormone
(CRH)

which

activates

the

pituitary

gland

and

initiates

the

release

of

adrenocorticotropic hormone and subsequently glucocorticoids, such as cortisol, from
the adrenal gland. The activation of the glucocorticoid receptor (GR) through
glucocorticoid-binding has several functions during the “normal” stress reaction. One
of them is the termination of the stress-response-related HPA axis activity via negative
feedback and the re-establishment of the body’s homeostasis when the threat is over.
In PTSD patients, however, several changes to this system have been described and
range from an increased activity of the CRH/CRH type 1 receptor system, over altered
baseline cortisol levels to an increased sensitivity of the GR (reviewed in Mehta &
Binder, 2012). The described dysregulations may be the reason why individuals are
less able to cope with stress and become more prone to develop trauma-related
diseases such as PTSD (Mehta & Binder, 2012). Besides, PTSD has been associated
with alterations in inflammatory activation (for a review see Gill, Saligan, Woods, &
Page, 2009), which can lead to a higher morbidity of other mental and physical health
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problems and increased mortality (see also Glaesmer et al., 2011; Kubzansky et al.,
2014; Roberts et al., 2015; Schry et al., 2015; Scott et al., 2013).
Studies based on the general population from different countries indicated that
the 12-months prevalence for PTSD ranged between 0.7 % and 4.7 %, with females
being more frequently affected than males (Creamer, Burgess, & Mcfarlane, 2001; de
Vries & Olff, 2009; Goldstein et al., 2016; Perkonigg, Kessler, Storz, & Wittchen, 2000).
Yet, significantly higher prevalence rates for the experience of traumatic events and
the development of PTSD have been observed in post-conflict populations, mostly
indicating multiple traumatic experiences. For example, Ertl, Pfeiffer, Schauer-Kaiser,
Elbert, and Neuner (2014) investigated survivors of the rebel war fought between the
Lord’s Resistance Army (LRA) and soldiers of the Ugandan government, and found
that 98 % of the total cohort (including former child soldiers and war-affected youths)
were exposed to at least one traumatic event during their life. The current PTSD
prevalence amounted to 25 % for former child soldiers, who experienced 16 traumatic
events on average, and 7 % for the non-abducted youths, on average exposed to 8
traumatic event types. In populations from Ethiopia, Gaza, Cambodia and Algeria
prevalence rates for lifetime PTSD also ranged between 16 % to 37 % (de Jong et al.,
2001) and were comparable to those found for current PTSD in West Nile refugees
(32 % for males and 40 % for females; Neuner et al., 2004) and Kenyan adults (33 %;
Johnson et al., 2014).
As indicated by the literature summarized above, the risk to develop PTSD
seems to crucially depend on the level of trauma exposure. The fear network model
explains this effect and is the focus of the next chapter.
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1.2

The fear network model: A neurocognitive rational for the
development and treatment of posttraumatic stress disorder
Previous studies in survivors of conflict and war indicated that the risk of

developing PTSD increases with the number of different traumatic event types
experienced (traumatic load; Kolassa, Ertl, Eckart, Kolassa, et al., 2010; Mollica et al.,
1998; Neugebauer et al., 2009; Neuner et al., 2004). While the prevalence increases
with higher traumatic load in a building block manner (Schauer et al., 2003), and
reaches up to 100 % at extreme levels of trauma exposure, the likelihood of
spontaneous remission decreases (Kolassa, Ertl, Eckart, Kolassa, et al., 2010).
The fear network model (Elbert & Schauer, 2002; Kolassa & Elbert, 2007;
Rockstroh & Elbert, 2010) explains this effect by the formation of a pathological
memory structure. A central process in this regard is fear conditioning, which describes
the association of a formerly neutral cue (e.g., tire squeal) with the intense fear
experienced in a specific context, e.g., during a car accident (Rockstroh & Elbert,
2010). While the intensive, associative memory for sensory-perceptual-emotional
details of traumatic experiences can be seen as an adaptive mechanism that
immediately warns us in the presence of future danger, it can also lead to distressing
memories of the traumatic events (Elbert & Schauer, 2002; Kolassa & Elbert, 2007;
Rockstroh & Elbert, 2010). The implicit memory network that forms of the traumatic
experience can be divided into two components: the hot memory, which includes the
sensory, cognitive, emotional and interoceptive details of the experienced event, and
the cold memory that includes context information, i.e., information about the time and
space at which the event happened (extensively described by Schauer, Neuner, &
Elbert, 2011). For normal past events, both parts are attached to each other, but in the
case of traumatic memories, the interconnection between the hot and the cold memory
14
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is weakened. Furthermore, the traumatic memory network is larger and contains more
single elements that are highly interconnected (Schauer et al., 2011). Figure 1.1
provides a schematic comparison between a healthy and a traumatic memory
structure, adapted from Catani (2010) and Wilker and Kolassa (2013).
As explained by Schauer and colleagues (2011), with every new traumatic event
added to the fear network, the memory structure becomes more complex. Novel
stressors will reactivate the hot memory elements that are sometimes similar, whereas
the corresponding context information is inhibited. Thus, the whole network will
become more easily activated if the individual is confronted with a trauma-reminding
cue (Schauer et al., 2011). This effect is commonly known as the building block effect
(cf. Schauer et al., 2003) which predominates other factors potentially protecting from
the development of mental health problems (Schauer et al., 2011). In addition, the
recollection of the corresponding context information becomes more and more
challenging, just as memory extinction by therapeutic interventions (Elbert & Schauer,
2002; Kolassa & Elbert, 2007; Rockstroh & Elbert, 2010).
Narrative exposure therapy (NET; for more detailed information see Schauer et
al., 2011) is a treatment based on the theory of the fear network model. It was
particularly developed for survivors of multiple trauma and aims at the modification of
the network by re-integrating the defragmented memory parts into a chronological
narrative (Schauer et al., 2011). As the identification of the worst traumatic event is
often difficult in survivors for whom PTSD results from multiple and continuous trauma
exposure, NET takes into account the whole life span. Even though the focus is on
traumatic experiences, positive life events are also narrated. To allow for the allocation
of hot memory elements in the time and space at which they actually occurred, the
therapist encourages the patient to repeatedly recall and talk about the traumatic
events (see Schauer et al., 2011 for more details). In a controlled way, the patient shall
15
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re-experience the associated emotions, physiological sensations and sensual
perceptions, which must be activated to uncover the event-related autobiographical
memory. The goal is to enable the patient to establish the course of events in the
corresponding time and space, create a meaningful and consistent narrative which is
revised until the traumatic impact is dissolved (Schauer et al., 2011). This allows for a
habituation of the emotional response and finally symptom remission as the patient
recognizes that “the fear/trauma structure results from past experiences and that its
activation is nothing but a memory” (Schauer et al., 2011, p. 34).
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Figure 1.1. Schematic illustration of a healthy and traumatic memory structure.
Contrary to healthy individuals the interconnections between hot and cold memory
elements are weakened in traumatized individuals. In case of multiple traumatic
experiences, several trauma networks integrate into one big fear network, which further
complicates the adequate allocation of specific traumatic cues in time and space.
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1.3

The importance of an adequate assessment of trauma exposure
to identify individual risk factors affecting PTSD vulnerability
and treatment response
While at extreme levels of trauma exposure, traumatic load predominates the

influence of other individual risk and resilience factors (Schauer et al., 2011), interindividual differences in the PTSD vulnerability can be observed at low to moderate
levels of traumatic load, as displayed in Figure 1.2 (cf. Kolassa, Ertl, Eckart, Kolassa,

Predicted propor+on of cases with
pos2rauma+c stress disorder (PTSD)

et al., 2010; Mollica et al., 1998; Neugebauer et al., 2009; Neuner et al., 2004).

Important inﬂuence of
individual risk factors

Inter-individual
diﬀerence in
PTSD
vulnerability

Predominant
inﬂuence of
trauma+c load

Number of experienced trauma+c event types (trauma+c load)
Figure 1.2. Schematic illustration of the influence of traumatic load and individual risk
factors on the risk to develop posttraumatic stress disorder. While at lower levels of
trauma exposure PTSD risk depends on several individual risk factors, they only play
a subordinate role at extreme levels of trauma exposure.
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However, previous studies aiming to investigate genetic risk markers for PTSD
development barely accounted for this environmental factor in their statistical analyses
(for reviews see Almli et al., 2014; Voisey et al., 2014). In addition, only few studies so
far have investigated the question of how trauma exposure could be best quantified
and included in gene × environment studies. Wilker and colleagues (2015), for
example, compared predictions of PTSD risk on a population basis, and found that
how often a traumatic event was experienced seems to be less important than how
many different types of traumatic experiences the individual was exposed to.
Nevertheless, it can be assumed that among the different traumatic event types,
certain events are more severe than others and that their weighting may further
improve predictions of PTSD risk (Netland, 2005). Previous research already pointed
towards a particular severity of inter-personal assaults, such as the exposure to
combat, rape, physical or armed threats, compared to non-personal events, including
e.g., accidents or natural disasters (Breslau, Chilcoat, Kessler, & Davis, 1999; Ferry et
al., 2014; Hapke, Schumann, Rumpf, John, & Meyer, 2006; Köbach, Schaal, & Elbert,
2015). Yet, the application of different event lists prevents a direct comparison of the
investigated study populations on a single-item level.
Knowing which events make an individual particularly vulnerable for PTSD
development may help to identify individuals with the highest therapeutic needs. More
detailed information on the importance of traumatic events could also facilitate the
diagnostic process by excluding less important events from the respective event list
and subsequently reduce the duration of diagnostic interviews. Most importantly for
this PhD project, an adequate measure of the environmental factor traumatic load is
crucial for a more precise estimation of the influence of (epi)genetic risk factors.
A variety of procedures to rank predictors according to their predictive
importance for an outcome variable exists. Machine learning approaches originally
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stem from the field of computer sciences. However, throughout the past years this
technology has more frequently been implemented in behavioral sciences as well.
Kessler and colleagues (2014), for example, applied four machine learning approaches
and conventional multiple regression to rank traumatic event types. The authors
calculated the area under the receiver operator characteristics curve (AUC; see HajianTilaki, 2013 for more information on this concept) for all conducted models to compare
their ability to correctly discriminate between PTSD cases and controls. They found
Random Forest models to separate PTSD cases from controls most accurately
according to AUC. Random Forests are based on multiple classification trees
(Breiman, 2001), which are constructed on bootstrapped samples and fitted on a
subset of predictor variables, reducing the risk of model over-fit. A major issue of the
original Random Forest approach was the overestimation of the importance of
correlated predictors. Strobl, Boulesteix, Kneib, Augustin, and Zeileis (2008) therefore
introduced Random Forests embedded in a Conditional Inference (RF-CI) framework.
RF-CI represent a more reliable approach, as it calculates the permutation importance
only conditionally on the values of other variables that indicate correlations with the
predictor under investigation (Strobl et al., 2008). RF-CI models have already been
successfully applied to rank the experience of different forms of childhood
maltreatment at a certain age and overall measures in their predictive importance for
several ill-health conditions, including depression, posttraumatic stress, dissociation
and suicidality (Gerke et al., 2018; Khan et al., 2015; Schalinski et al., 2016). Further,
RF-CI has been used to investigate whether appetitive aggression, a feeling of
excitement and fascination when harming others (Elbert, Weierstall, & Schauer, 2010;
Weierstall & Elbert, 2011), and PTSD symptom severity are best predicted by single
traumatic events or event groups, accumulating the number of experienced, witnessed
and perpetrated events (Köbach, Nandi, et al., 2015; Köbach, Schaal, et al., 2015).
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In addition to Random Forest models, Kessler et al. (2014) included different
penalized regressions in their study, among them the Least Absolute Shrinkage and
Selection Operator (LASSO; Tibshirani, 1996). The ranking of predictors according to
LASSO is based on the assignment of regression coefficients, with the predictors of
higher importance getting higher regression coefficients. However, depending on the
value chosen for the additional L1-norm penalty term (!), predictors indicating lowest
importance will be assigned regression coefficients of exactly zero. Thus, differently
than conventional or other penalized regression models, e.g., ridge regression, which
will include all variables, LASSO models are reduced to a subset of the most important
predictors (Tibshirani, 1996).
Both approaches, RF-CI and LASSO, furthermore allow for predictions on
independent data sets. First, the models are built on a training sample and
subsequently used to predict the diagnostic status of individuals in a test sample (Strobl
et al., 2008; Tibshirani, 1996). Knowing the individual’s group membership (i.e., case
or control) then allows for a direct comparison of the models’ ability to correctly predict
PTSD status by the ranking of events. Furthermore, results can be compared with
predictions by the simple sum score of traumatic event types experienced (“traumatic
load”). Yet, to answer the question how to best quantify trauma exposure in
(epi)genetic association analyses, other aspects besides the model’s prediction
accuracy have to be considered. Particularly the model’s efficiency in time and
calculation effort is of importance. GWAS and candidate gene association studies
commonly request the identification of genetic markers in a discovery cohort their
replication in a second independent study cohort. Variations in their trauma history,
and potential differences in measures used to assess trauma exposure, should not
impact the model’s applicability in already complex genetic association studies.
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1.4

Genetics as inter-individual risk factor for the development and
treatment of PTSD: Strengths and shortcomings of previous
studies
The human genome is built of 22 autosomal chromosomes and the sex-

determining X and Y chromosomes. It consists of a total of approximately 3 billion DNA
base pairs (Zerbino et al., 2017). While most parts of the human genome are equal
among all individuals, the combination of base-pairs at certain positions is variable,
and this kind of variation is termed single nucleotide polymorphism (“SNP”). Twin and
family studies reported heritability estimates between 25-50 % for PTSD liability and
symptom scores, respectively (Sartor et al., 2012; Stein, Jang, Taylor, Vernon, &
Livesley, 2002; True et al., 1993; for a review also see Afifi, Asmundson, Taylor, &
Jang, 2010).
To test whether genetic variation in the form of SNPs influences disease risk,
candidate gene and genome-wide association analyses can be used. Candidate gene
studies represent an approach that is based on a priori hypotheses on the function of
the investigated genes, mostly obtained from previous animal or human studies (for
reviews see Almli et al., 2014; Voisey et al., 2014). Testing for only a certain number
of preselected markers, candidate gene analyses represent a targeted approach. On
the contrary, GWAS are an untargeted approach and simultaneously test for
associations of millions of SNPs with a phenotype of interest. Thus, GWAS generally
require larger sample sizes to reach sufficient statistical power to detect the minor
genetic effects (for reviews see Sheerin et al., 2017; Voisey et al., 2014). So far, more
than 100 candidate gene studies and nine GWAS on PTSD were published, and are
described in more detail in the next paragraph. Results of both approaches point
towards the involvement of genes in PTSD etiology which are important to the
22

GENERAL INTRODUCTION
hormonal stress response of the HPA axis and memory formation, particularly fear
conditioning and extinction learning (for reviews see Almli et al., 2014; Cornelis et al.,
2010; Nievergelt et al., 2018; Sheerin et al., 2017; Smoller, 2016; Voisey et al., 2014;
Wilker, Elbert, et al., 2014). However, despite the progress of empirical research in
unraveling the genetics of PTSD development throughout the past years, our
understanding of the biological underpinnings of PTSD vulnerability remains limited.
The following paragraph will describe major achievements and challenges in the field
and provides suggestions to overcome the methodological restrictions of previous
approaches.
1.4.1 Tracing genetic risk markers for PTSD along the human genome: Curse
and savior of an untargeted approach
Each of the nine GWAS on PTSD conducted to date contributed significantly to
our understanding of the biological underpinnings of PTSD development. Several
novel genetic markers accounting for inter-individual differences in PTSD vulnerability
were identified. Table 1.1. provides an overview of the major findings of all published
PTSD GWAS, sorted by their year of publication and in alphabetic order (Guffanti et
al., 2013; Logue et al., 2013; Xie et al., 2013; Wolf et al., 2014; Almli et al., 2015;
Ashley-Koch et al., 2015; Nievergelt et al., 2015; Stein et al., 2016; Duncan et al.,
2018).
Among the significantly associated genes was the retinoid-related orphan
receptor A (RORA), which has previously been implicated in the etiology of other
psychiatric disorders and is suggested to increase PTSD risk by reducing neuronal
capacity to respond to biochemical stressors, such as oxidative stress and
inflammation, following trauma exposure (Logue et al., 2013). Further, one SNP
mapping to Tolloid Like 1 (TLL1) reached suggestive significance in a GWAS
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conducted by Xie and colleagues (2013). Mammalian Tolloid-like 1 (mTll1) was found
to be highly expressed in the cerebellum and the hippocampus in mice, both regions,
known to be involved in emotion processing and fear conditioning and representing
direct targets of stress hormones in humans. Besides, Stein et al. (2016) identified one
SNP in the Ankyrin Repeat Domain 55 (ANKRD55) gene that has previously been
associated with autoimmune and inflammatory disorders and another SNP near Zinc
Finger Protein 626 (ZNF626), presumed to regulate ribonucleic acid (RNA)
transcription.
Yet, the importance of GWAS results for disease development is not restricted
to genetic variants reaching genome-wide significance. Nievergelt and colleagues
(2015), for example, identified the phosphoribosyl transferase domain containing 1
gene (PRTFDC1), a possible tumor-suppressor gene, as novel PTSD risk marker that
reached genome-wide significance. Besides, the authors reported other suggestively
significant SNPs (p ≤ 1 × 10-5) in 25 genes, which implicate an involvement of the
immune response and the ubiquitin system in PTSD etiology. Similarly, Wolf et al.
(2014) investigated the dissociative subtype of PTSD and found 10 SNPs associated
with dissociative symptom severity on a suggestively significant level. Their top hit was
located within the Adenylate Cyclase 8 (ADCY8) gene, known to be central for longterm potentiation, synaptic plasticity and HPA-axis regulation, and the second hit was
located in the dipeptidyl-peptidase 6 (DPP6) gene, responsible for synaptic integration
and excitation. Also in the largest GWAS to date, none of the tested markers reached
genome-wide significance, yet, the authors could demonstrate a strong overlap of
PTSD risk markers with schizophrenia and indices for a potential overlap with bipolar
disorder (Duncan et al., 2018). Furthermore, Duncan et al. (2018) demonstrated
differences in heritability estimates for PTSD between males and females.
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Table 1.1. Overview of genome-wide association studies (GWAS) on posttraumatic stress disorder (PTSD).
Author
(Year)

Discovery
cohort
(% Male)

Ethnicity
of the
discovery
cohort1
Mainly AA,
also EA
and others

Study design

Replication
cohort(s)

Guffanti et
al. (2013)

413 (0)
civilians

GWAS and
replication
attempt in
independent
study cohort

EA women
(N = 2,541)

Logue et
al. (2013)

491 (NR)
combat
veterans
and their
intimate
partners

NHW

4,344
(56.8)
civilians

EA and
AA

GWAS and
replication
attempts in
two cohorts
of AA, only
one
independent
of the
discovery
cohort
Separate
GWAS for
ancestry
groups and
replication
attempt in
independent
study cohort

Two cohorts
of traumaexposed AA
(N = 84, part
of initial
discovery
cohort, and
N = 521 from
independent
cohort)
EA
(N = 1,899)
civilians

Xie et al.
(2013)

Environmental exposure
variable and effect tested
in follow-up statistical
analyses
NR
NR

Main
outcome
variable
(assessment)
Lifetime
PTSD
diagnosis
(DIS, applied
as structured
telephone
interview)

Summary of Main
Findings

Total number
of traumatic
events defined
as the sum of
experienced
events of the
23-item TLEQ

G×E, ME

Lifetime
PTSD
diagnosis
(CAPS)

12 types of
traumatic
events
covered by
SSADDA

Separate
GWAS for
individuals
with selfreported
trauma

Lifetime
PTSD
diagnosis
(SSADDA)

One SNP in RORA
reached genome-wide
Bonferroni corrected
significance in the
discovery cohort. While
the top hit could not be
replicated, other RORASNPs reached nominal
significance in the
replication cohorts.
One intergenic SNP
reached genome-wide
significance in the EA
cohort. Two other SNPs
mapping to TLL1
reached suggestive
significance and could
be replicated in the
independent replication
cohort.
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One SNP mapping to
lincRNA AC068718.1,
reached genome-wide
significance in the
discovery cohort and
was replicated in the
independent replication
cohort.
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Author
(Year)

Discovery
cohort
(% Male)

Ethnicity
of
discovery
cohort1
NHW

Study design

Replication
cohort(s)

Wolf et al.
(2014)

484 (64.9)
traumaexposed
veterans
and their
partners

Almli et al.
(2015)

AshleyKoch et al.
(2015)

Environmental exposure
variable and effect tested
in follow-up statistical
analyses
NR
NR

Main
outcome
variable
(assessment)
Dissociation
severity
score (CAPS
items for
derealization
and
depersonalization)

Summary of Main
Findings

GWAS

NR

147
(88.4)2
combat
veterans

Mainly
Hispanic

GWAS and
replication
attempt in
independent
study cohort

Traumaexposed,
primarily AA
civilians
(N = 2,006)

Overall
negative life
events score
(Life
Experiences
Survey)

ME

Current
PTSD
symptom
score and
diagnosis
(CAPS)

NR

Traumatic
event score
defined as the
sum of the
times each
event of the
23-item TLEQ
has been
endorsed

G×E

Current
PTSD
diagnosis
(either
assessed by
the SCID or
the CAPS or
the DTS)

One intergenic SNP on
chromosome 4 reached
genome-wide
significance in
discovery cohort and
could be replicated in
female subset of the
civilian replication
cohort, but not in males.
Some of the identified
variants were located in
plausible genes, but
none reached genomewide significance in
either of the study
cohorts. The top hit in
the meta-analysis was
encoding lincRNA
AK092087 and reached
suggestive significance.

1,708
(76.4)
combat
veterans
and to a
lesser
extent
civilians

NHB and
NHW

Separate
GWAS in
NHB and
NHW cohort,
and
subsequent
metaanalysis
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suggestive significance,
the top hit located within
ADCY8 and a second
SNP within DPP6.
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Author
(Year)

Discovery
cohort
(% Male)

Nievergelt
et al.
(2015)

3,494
(100)
traumaexposed
males
from two
studies

Stein et al.
(2016)

7,774
(80.7)
traumaexposed
soldiers

Ethnicity
of
discovery
cohort1
Mainly EA,
also AA,
HNA and
others

Study design

Replication
cohort(s)

Separate
GWAS for
ancestry
groups with
subsequent
metaanalysis and
replication
attempt in
independent
study cohort

Non-Hispanic
combat
veterans and
their intimate
partners
(N = 491)

Mainly EA

Separate
GWAS for
ancestry
groups with
subsequent
metaanalysis

Mainly EA
traumaexposed
army soldiers
(N = 5,916)

Environmental exposure
variable and effect tested
in follow-up statistical
analyses
16-item LEC
G×E

Main
outcome
variable
(assessment)
Current
PTSD
diagnosis
(CAPS)

Summary of Main
Findings

Summary of
frequency
variable for
traumatic
experiences in
childhood and
adulthood

Lifetime
PTSD
diagnosis
(PCL and the
CIDI-SC)

Two SNPs, one in
ANKRD55 and one
near ZNF626, reached
genome-wide
significance in the AA,
respectively the EA
subgroup of the
discovery cohort.
Results could not be
replicated.
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One SNP in PRTFDC1
reached genome-wide
significance, but was
not detected in the
replication cohort.
Another Bonferroni
corrected SNP 3,678 bp
apart, did also not reach
significance in the
replication cohort, but
the direction of effect
was similar.
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Author
(Year)

Discovery
cohort
(% Male)

Duncan et
al. (2018)

20,070
(NR)
mainly
traumaexposed
individuals
from 11
studies

Ethnicity
of
discovery
cohort1
EA, AA,
LA, SA

Study design

Replication
cohort(s)

Environmental exposure
variable and effect tested
in follow-up statistical
analyses
Diverse event
NR
lists of different
length used
across the
included
studies,
covering
interpersonal
violence,
exposure to
war, natural
disaster,
severe injury
or illness

Main
outcome
variable
(assessment)
NR, but most
likely lifetime
PTSD
diagnosis
assessed
with diverse
measures
across the
included
studies (e.g.,
CAPS, SCID,
PSS, PCL,
SSADDA,
DIS, DTS)

Summary of Main
Findings

GWAS
NR
No SNP passed the
followed by
genome-wide
withinsignificance threshold.
ancestry
Yet, the study revealed
metagenetic overlap of
analyses of 7
PTSD with
studies with
schizophrenia and
AA and 9
indices for a potential
with EA,
overlap with bipolar
followed by
disorder. Further
trans-ethnic
differences in PTSD
metaheritability estimates for
analysis also
males and females
including 1
were found.
study with LA
and 2 studies
with SA
Note: 1 All study participants were recruited in the United States of America (USA); 2 Information on gender was available for 130 individuals only;
AA = African Americans; ADCY8 = Adenylyl cyclase type 8; ANKRD55 = Ankyrin Repeat Domain 55; CAPS = Clinician Administered PTSD
Scale; CIDI-SC = Composite International Diagnostic Interview Screening Scale; DIS = National Institute of Mental Health Diagnostic; DTS = Davison
Trauma Scale; Interview Schedule; DPP6 = dipeptidyl-peptidase 6; DSM-IV = 4th edition of the Diagnostic and Statistical Manual of Mental
Disorders (American Psychiatric Association, 1993); DTS = Davidson Trauma Scale; EA = European Americans; GWAS = genome-wide
association study; G×E = gene-environment interaction effect; HNA = Hispanic and Native Americans; LA = Latinos; LEC = Life Event Checklist;
lincRNA = long intergenic non-coding ribonucleic acid; ME = main effect; NHB = non-Hispanic black; NHW = non-Hispanic white; NR = not
reported; PCL = PTSD Checklist; PRTFDC1 = Phosphoribosyl Transferase Domain Containing 1; PSS = PTSD Symptom Scale; PTSD =
Posttraumatic Stress Disorder, RNA = ribonucleic acid; RORA = Retinoid-Related Orphan Receptor A; SA = South African; SCID = Structured
Clinical Interview for DSM-IV; SSADDA = Semi-structured assessment for drug dependence and alcoholism; SNP = single nucleotide
polymorphism; TLEQ = Traumatic Life Events Questionnaire; TLL1 = Tolloid-like protein 1; ZNF626 = Zinc Finger Protein 626

28

GENERAL INTRODUCTION
Moreover, the GWAS conducted by Almli and colleagues (2015) in combat
veterans revealed an intergenic variant on chromosome 4, which could be replicated
in the female subset of an independent civil cohort. Two other GWAS further found
associations between PTSD risk and markers mapping on long intergenic non-coding
RNA (lincRNA) (Ashley-Koch et al., 2015; Guffanti et al., 2013). Even though the
functional roles and mechanistic processes of lincRNAs need further research to be
fully understood, it is clear that they can regulate gene expression and protein activity
in various ways (for a review see Ulitsky & Bartel, 2013).
This summary on PTSD GWAS demonstrates the major developments in
unravelling the genetics of PTSD throughout the past years. Starting with
comparatively small cohorts below 500 individuals (cf. Almli et al., 2015; Guffanti et al.,
2013; Logue et al., 2013; Wolf et al., 2014), the number of study participants used to
discover novel genetic markers associated with PTSD has risen to ≥ 20,000 study
participants (cf. Duncan et al., 2018). However, aiming for increasingly large study
cohorts to detect the small genetic effect sizes may not be sufficient, if other challenges
of large-scale analyses remain unaddressed. A study cohort of tens of thousands of
individuals, as used for the latest GWAS, can only be achieved by the inclusion of
multiple single studies, the conduction of ancestry-separated GWAS and subsequent
meta-analyses (cf. Ashley-Koch et al., 2015; Duncan et al., 2018; Nievergelt et al.,
2015; Stein et al., 2016). For their success, a comparable assessment of PTSD
diagnosis and of trauma exposure across studies is of utmost importance. Yet,
previous GWAS were inconsistent in their main outcome variable (see also Table 1.1).
Even though a lifelong interaction of genetic vulnerability factors with cumulative
trauma exposure can be assumed (Wilker, Elbert, et al., 2014), three of eight GWAS
(cf. Almli et al., 2015; Ashley-Koch et al., 2015; Nievergelt et al., 2015) investigated
genetic associations with current (instead of lifetime) PTSD diagnosis or symptom
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severity, respectively. Particularly at lower levels of traumatic load it is likely that PTSD
symptoms already remitted at the time of the study assessment, yet, it should not be
neglected that the individuals fulfilled the criteria for a PTSD diagnosis in the past.
Despite the fact that all GWAS ensured to include both PTSD cases and traumaexposed controls, none of them included a quantitative measure of the environmental
exposure directly in their GWAS. Only a few studies followed up the identified markers
from genome-wide analyses and performed additional analyses and included trauma
exposure as a main effect (Almli et al., 2015; Stein et al., 2016) and/or tested for a
gene × environment interaction (Ashley-Koch et al., 2015; Logue et al., 2013;
Nievergelt et al., 2015). Thereby, trauma exposure was either defined as the sum of
different traumatic events experienced (e.g., Logue et al., 2013) or the number of times
of exposure to trauma (e.g., Ashley-Koch et al., 2015; Stein et al., 2016). These
inconsistencies may also account for the minor overlap observed between findings
from GWAS and previous candidate gene studies.
Taken together, the increase in power by meta-analytic investigations provides
no guarantee for genome-wide significant results (cf. Ashley-Koch et al., 2015; Duncan
et al., 2018; Nievergelt et al., 2015; Stein et al., 2016) unless a homogeneous
assessment and due statistical consideration of traumatic load and PTSD are ensured
as well. As an alternative to the stringent genome-wide significance testing and given
the promising findings of previous GWAS, suggestively significant results should also
be considered for replication in independent cohorts and for association tests with
related outcome measures, e.g., memory for emotionally arousing pictures and
treatment responsiveness, to prove the validity of the results.
In contrast to the above described GWAS, candidate gene studies are
hypothesis-driven and motivated by existing biological knowledge on a gene’s function.
Due to the preselection of genes, candidate gene studies are less prone to the power
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problems reported for GWAS. Given the pathological memory formation in PTSD
patients, many past candidate gene studies focused on genes involved in the
processes of stress reaction and memory formation. The following paragraph will
provide an overview of the results of these candidate gene association studies on
PTSD, their potential and also challenges connected with this approach.
1.4.2 Candidate gene association studies on PTSD: The potential of combining
basic and traumatic memory research
Unlike GWAS, candidate gene studies are based on biological assumptions on
the development of PTSD, i.e., an altered stress response (for a review see Mehta &
Binder, 2012) and a pathological memory formation (Elbert & Schauer, 2002; Kolassa
& Elbert, 2007; Rockstroh & Elbert, 2010). Candidate gene studies in this field therefore
focused on genes involved in the regulation of the HPA axis and on genes regulating
neurotransmitter systems that influence the neurocircuitry of emotional memories,
such as the dopamine, serotonin and norepinephrine system (for reviews see Almli et
al., 2014; Cornelis et al., 2010; Sheerin et al., 2017; Smoller, 2016; Voisey et al., 2014;
Wilker, Elbert, et al., 2014).
The GR sensitivity-modulating FK-506 binding protein (FKBP5) belongs to the
most frequently studied genes in terms of PTSD development. This is because the
proper functioning of the GR is essential for an adequate stress response regulation
and includes two major components: the release of glucocorticoids which mobilizes
the physiological resources needed for the so called “flight or fight” response to stress,
and the binding of cortisol to the GR in order to terminate the stress response via
negative feedback (Lehrner, Daskalakis, & Yehuda, 2016). The expression of FKBP5
is induced by GR activation in terms of an ultra-short negative feedback loop (Binder,
2009). Certain alleles of FKBP5 SNPs, in interaction with early life trauma, can
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enhance FKBP5 expression, which reduces the GR’s cortisol-binding affinity and
results in a prolonged stress response (Binder et al., 2008; for a review also see Binder,
2009). In addition, Klengel et al. (2013) reported decreased FKBP5 methylation levels
for individuals exposed to early trauma only if carrying the FKBP5 risk allele, probably
disrupting the ultra-short negative feedback loop. The associated dysregulation of the
GR negatively impacts the response to future trauma, and this way probably increases
the risk for the development of PTSD (Klengel et al., 2013) Previous studies further
demonstrated that glucocorticoids can increase fear memory consolidation as well as
the consolidation of extinction memory, e.g. by exposure-based therapy, whereas the
retrieval, re-experience and reconsolidation of fear memory is reduced (de Quervain
et al., 2011; for a review see de Quervain, Aerni, Schelling, & Roozendaal, 2009).
A member of the second group of genes, which regulate neurotransmittersystems that are important for emotional memory, is the catechol-O-methyltransferase
(COMT). COMT is an enzyme that decomposes dopamine, norepinephrine and
epinephrine – neurotransmitter systems presumed to be responsible for PTSD
hyperarousal symptoms (Almli et al., 2014). Investigations on the COMT val158met
(rs4680) polymorphism showed that the Met/Met genotype is associated with
increased fear-potentiated startle to a stimulus during acquisition (Norrholm et al.,
2013) and impaired extinction learning (Lonsdorf et al., 2009; Norrholm et al., 2013),
as well as with an increased risk to develop PTSD (Kolassa, Kolassa, Ertl,
Papassotiropoulos, & de Quervain, 2010).
Further, the serotonin transporter (SLC6A4), particularly one contained
polymorphism, the serotonin transporter linked polymorphic region (5HTTLPR), has
been studied in its relation to PTSD. This region consists of an insertion/deletion
polymorphism and can either present itself as short (s) or long (l) allele. Previous
studies found that s-allele carriers indicated enhanced fear learning (Lonsdorf et al.,
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2009), slower fear extinction and extended fear reacquisition (Agren, Furmark,
Eriksson, & Fredrikson, 2012). Further, s-allele carriers were at generally increased
risk to develop a PTSD compared to l-allele carriers, whose risk increased as a function
of traumatic load (Kolassa, Ertl, Eckart, Glöckner, et al., 2010).
Another promising gene candidate is the α-adrenergic receptor 2B (ADRA2B)
that can exhibit a natural genetic variation in the form of an in-frame deletion of three
acidic residues. One study investigating healthy Swiss individuals and trauma-exposed
Rwandan genocide survivors found that carriers of the deletion variant indicated
increased memory for emotionally arousing pictures compared to neutral pictures, and
higher intrusion symptoms (de Quervain et al., 2007). Similar results have been
observed for WW and C2 domain containing 1 (WWC1), the gene encoding memoryrelated protein KIBRA. Genetic variants of WWC1 have been associated with episodic
memory in a GWAS conducted by Papassotiropoulos et al. (2006) and further with
lifetime PTSD, as well as with re-experiencing and avoidance symptoms (Wilker et al.,
2013).
De Quervain et al. (2012) furthermore investigated the potential association
between memory performance and gene candidates encoding several protein kinases,
including Ca2+/calmodulin-dependent protein kinase II (CaM-KII), the protein kinase A
(PKA) and the protein kinase C (PKC), which induce the mitogen-activated protein
kinase (MAPK) cascade (for a review on the roles of protein kinases in learning and
memory see Giese & Mizuno, 2013). The authors found that A-allele carriers of one
SNP in the gene encoding PKCα (PRKCA) presented with enhanced short- and longterm memory for aversive pictures in a cohort of healthy Swiss volunteers. Their finding
could be replicated in an independent study cohort and further extended by showing
that A-allele carrier status went along with increased intrusions and avoidance
symptoms in Rwandan genocide survivors.
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The phosphorylation of the IK-Kappa b kinase complex (IKK), a downstream
target of the MAPK-cascade, furthermore triggers the activation of nuclear factor klight-chain-enhancer of activated B cells (NFκB), which is a main transcription factor
inducing pro-inflammatory gene expression (for a review see Liu, Zhang, Joo, & Sun,
2017). Signaling along MAPK cascades is therefore an important regulator of immune
processes. Recent findings point towards the assumption that genetic markers
involved in inflammatory processes may act as a link between pathological memory
formation and higher PTSD risk (Heck et al., 2017).
Stress- and memory-related genetic markers identified by candidate gene
analyses have similarly been found to affect the success of therapeutic interventions.
Exposure-based psychotherapies, i.e. cognitive behavioral therapy and eye movement
desensitization and reprocessing, count to the most effective treatments for PTSD
(Bradley, Greene, Russ, Dutra, & Westen, 2005; Watts et al., 2013). Yet, about onethird of patients do not benefit from psychotherapeutic interventions at all and many
who do still show a significant amount of symptoms after the end of treatment (Bradley
et al., 2005). Previous research hypothesized that, similar to PTSD vulnerability,
differences in therapy outcome may be explained by the individual’s genetic make-up.
Indeed, s-allele carriers of the previously described 5-HTTLPR polymorphism were
more likely to show a symptom relapse after the end of cognitive behavioral therapy
(Bryant et al., 2010), displayed higher drop-out rates following adverse effects and less
responsiveness (defined by at least 30 % improvement in PTSD symptom scores) to
pharmacological treatment with a selective serotonin reuptake inhibitor (Mushtaq et al.,
2012). Furthermore, Met-66 allele carriers of the brain derived neurotrophic factor
(BDNF; Felmingham et al., 2013) indicated poorer response to exposure therapy than
Val/Val homozygotes. Moreover, investigations on the FKBP5 rs1360780 genotype
revealed that T-allele carriers, who indicated a higher vulnerability to develop PTSD,
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similarly showed an enhanced risk for symptom relapse than C/C-carriers after
treatment with NET (Wilker, Pfeiffer, et al., 2014).
This review of literature, listing gene candidates that are associated with both
memory processes and PTSD risk/symptoms, clearly demonstrates the potential to
combine basic and traumatic memory research. Yet, the precise estimation of the
influence of genetic risk factors in candidate gene association studies, similar to
GWAS, crucially depends on a due consideration of environmental exposure. At least
for certain gene candidates, such as 5-HTTLPR and FKBP5, gene × environment
interaction analysis revealed more consistent results than calculations of genetic main
effects (for reviews see Cornelis et al., 2010; Wilker, Elbert, et al., 2014; Wilker &
Kolassa, 2013). To explain this, imagine that an individual carries a risk genotype but
has only experienced few traumatic events. The person will probably not develop a
PTSD. Another person who shows the risk genotype and has a medium level of
traumatic experiences is more likely to develop PTSD; however, if traumatic load is not
considered, both will be assigned the same risk, which may in part explain the
inconsistency of previous study results.
Furthermore, there is a long and complex pathway between genetic risk loci and
the development of a mental disorder. Of particular importance in this regard are
epigenetic modifications that can be initiated by environmental factors, including
traumatic experiences, and have an influence on gene expression. The next paragraph
will explain the role of epigenetic alterations for PTSD development in more detail.
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1.5

Epigenetic modifications as biological manifestations of
environmental experiences
Over the past years, huge progress in understanding the biological

underpinnings of PTSD development has been made by using GWAS and candidate
gene association studies. However, the variance explained by single genetic markers
is far below from what has been expected by twin and family heritability studies on
PTSD (Afifi et al., 2010; Sartor et al., 2012; Stein et al., 2002; True et al., 1993). Several
associated processes have to be considered when illuminating the complex biological
link between genomic associations and disease development. For example, epigenetic
modifications describe all chemical changes to the DNA and histone proteins that
impact the transcriptional accessibility of the DNA without altering its nucleotide
sequence and thus represent an additional risk factor besides genetics that can impact
PTSD vulnerability (for a review see Klengel et al., 2014). Attempts to combine genetic
and epigenetic research have already been made by the Psychiatric Genomics
Consortium (PGC) Initiative, bringing together several workgroups whose data can be
used in conjunction, including the PGC-PTSD group that aggregates genomic data and
the PGC-PTSD methylation workgroup (Nievergelt et al., 2018). Also on a European
level, the combination of genetic and epigenetic data of several psychiatric institutes is
planned (Dzubur-Kulenovic et al., 2016).
This thesis aims to contribute to a more comprehensive understanding of PTSD
development, and as a first step in this direction, integrates the analyses of gene
variants and epigenetic modifications of a novel gene candidate for PTSD risk. Thereby
we focused on DNA methylation which is the most popular epigenetic pattern studied
in its relation to PTSD and denotes the addition of a methyl group (-CH3) at the 5′
carbon of cytosine in the context of a phosphate group-separated cytosine and guanine
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(CpG) sequence, commonly referred to as “CpG site” (Almli et al., 2014). While an
increased methylation of a promoter region correlates with a decreased expression of
the respective gene, intragenic methylation may regulate alternative promoters,
depending on the cell type investigated (Maunakea et al., 2010). The level of
methylation can vary during the entire life span and can be understood, for example,
as a mechanism of natural ageing (for a review see Pal & Tyler, 2016) or an adaptation
response to the individual’s stressful environment (Klengel et al., 2014). The
environmental impact on the level of DNA methylation can thereby be partially driven
by the genetic make-up of a person. An increasing number of studies point towards a
link between genetic variants and the methylation level at CpG sites. Almli and
colleagues (2015), for example, found a significant association between their genomewide significant SNP and a nearby CpG site, pointing towards a genotype-dependent
DNA methylation pattern, commonly referred to as methylation quantitative trait loci
(meQTL).
Epigenetic mechanisms were previously found to be involved in the
consolidation as well as extinction of fear memory and therefore represent a highly
promising target of pharmacological interventions, as their manipulation may allow for
a reduced strength of fear memory formation or improve the extinction of aversive
memory (for a review see Kwapis & Wood, 2014). Therefore, it is not surprising that
epigenetic investigations on PTSD mostly focused on stress- and memory-related
target genes already known from genetic association studies, e.g., the dopaminetransporter encoding gene (SLC6A3; Chang et al., 2012), FKBP5 (Klengel et al., 2013),
the GR encoding gene (NR3C1; Labonté, Azoulay, Yerko, Turecki, & Brunet, 2014;
Yehuda et al., 2015) and COMT (Norrholm et al., 2013). Uddin et al. (2010) further
showed that alterations in methylation patterns observed in PTSD patients are
particularly pronounced in genes with relevance to the immune system and are even
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more prominent at higher numbers of experienced traumatic events. Yet, the crosssectional design of most studies prevents to draw any conclusions on whether
distinctive methylation profiles are a biological cause or a consequence of PTSD (cf.
Uddin et al., 2010). Moreover, Yehuda et al. (2013) provided first evidence for DNA
methylation being a predictor of therapy success and further demonstrated that it is
potentially reversible by pharmacological and psychotherapeutic interventions.
To understand the link between genetic risk variants and disease outcome, not
only associated processes need to be considered, but a deeper understanding of the
biological context in which the identified gene acts is required. This can be achieved
by the application of multi-locus approaches, such as GSEA, which are the focus of
the following paragraph.

1.6

Gene-set enrichment analyses: An approach to overcome the
power problem in detecting genetic markers and understand
the biological context they work in
In contrast to GWAS and candidate gene studies, which test for associations of

single markers with the phenotype of interest, multi-locus approaches commonly
referred to as pathway or GSEA test for an enrichment of association between the
outcome variable (e.g., PTSD) and functionally related gene sets (Segrè et al., 2010;
Wang et al., 2010). Based on prior biological knowledge, genes are clustered together
and tested against other gene sets of the same size that were drawn randomly from
the genome. When gene pathways are considered as the unit of an analysis, single
markers otherwise missing the stringent significance threshold gain more collective
impact and the power to detect true associations increases (Segrè et al., 2010; Wang
et al., 2010). Investigating the joint contribution of multiple SNPs and genes at the
same time, GSEA at least in parts accounts for the polygenicity of most complex
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diseases and provides insight into the functional relationship between gene pathways
and health outcome (Sun, 2012).
Yet to date, only four studies exist in which GSEA was performed
supplementary to genetic association and/or expression analyses on PTSD
development. The results of these studies indicate an involvement of the immune
system (Ashley-Koch et al., 2015) and the glucocorticoid signaling pathway (Logue et
al., 2015) in PTSD development. Thus, they support previous findings from genetic
(e.g., Klengel et al., 2013; Nievergelt et al., 2015) and epigenetic association studies
(e.g., Klengel et al., 2013; Uddin et al., 2010). Wingo et al. (2015) furthermore found
DICER1, an enzyme involved in synaptic maturation and plasticity, to be downregulated in PTSD cases with comorbid depression. Reduced DICER1 messenger
RNA (mRNA) levels were also accompanied with increased amygdala activation to
fearful stimuli presented in a follow-up functional magnetic resonance imaging (fMRI)
study (Wingo et al., 2015). Moreover, Duncan et al. (2018) indicated the neurotrophic
factor-mediated tyrosine kinase (Trk) receptor signaling pathway, containing several
synaptic strength and plasticity regulating genes, as the top hit of their GSEA, even
though it did not reach multiple-comparisons-adjusted significance.
As the replication of functionally related gene sets is more promising and they
represent a better objective for pharmacological treatments of memory-related
disorders than single loci (Papassotiropoulos et al., 2013; Papassotiropoulos & de
Quervain, 2015), GSEA, genetic and epigenetic analyses should be integrated to
obtain a more comprehensive understanding of the functionality of PTSD-associated
markers. In addition, the use of multiple methodological approaches to test for
associations of a gene candidate with an outcome variable, will further strengthen the
validity of the reported results beyond their replication in an independent study cohort.
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Figure 1.3 schematically illustrates this integrated approach of candidate gene,
epigenetic and gene set enrichment (pathway) analyses.
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Figure 1.3. Schematic illustration of an integrated candidate gene, epigenetic and
pathway analyses approach, considering traumatic load as a covariate in all analyses.
Candidate gene analyses test for associations of the outcome variable with single
nucleotide polymorphisms (SNPs) spanning preselected candidate genes. On the
contrary, pathway analysis test for enriched associations of functionally related gene
sets with the outcome variable. Furthermore, the influence of epigenetic modifications
on PTSD risk can be tested. Epigenetic change can occur following environmental
stress (dashed line) and may partially mediate the effect of traumatic load on disease
risk but was not tested in this thesis. Further, the level of deoxyribonucleic acid (DNA)
methylation can be in parts genotype-dependent.
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1.7

Aims of this thesis
This thesis aimed to identify genetic markers associated with the risk to develop

PTSD in adult survivors of multiple traumatic experiences by combining different
methodological approaches: GWAS, candidate gene analyses, epigenetic DNA
methylation analyses and GSEA. Furthermore, it was investigated whether the
identified genetic loci similarly impact the therapy success of patients suffering from
PTSD who received psychotherapeutic treatment with NET. To answer these
questions, a precise assessment of the environmental factor traumatic load and its due
consideration in the planned association studies was assured.
Study I of this thesis investigated whether the accuracy of predictions on PTSD
risk by traumatic load can be improved, if the traumatic events are ranked according
to their predictive importance, rather than calculating the simple sum score of the
traumatic event types experienced. Two statistical procedures, RF-CI and LASSO,
were compared in their ability to rank traumatic events according to their predictive
importance for PTSD risk. Afterwards, the models’ accuracy in correctly predicting the
lifetime PTSD status of an independent group of trauma survivors from Northern
Uganda was compared to predictions by the sum score of traumatic event types
experienced and evaluated with regard to overall accuracy, sensitivity, specificity, and
economy in calculation effort and time. Building up on the results of this first paper,
traumatic load, calculated as the simple sum score of traumatic event types
experienced, was subsequently included in the following analyses.
In study II, a GWAS was conducted to identify whether genetic loci are
associated with lifetime PTSD risk in a cohort of survivors of the rebel war between the
LRA and Ugandan governmental soldiers. Markers associated with the risk of
developing a lifetime PTSD were further tested for similar associations in an
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independent cohort of survivors of the Rwandan genocide in 1994. Moreover, it was
investigated whether the identified markers are further associated with memory of
emotionally arousing pictures in healthy Swiss individuals and with therapy success in
a subgroup of Northern Ugandan rebel war survivors diagnosed with current PTSD
who received treatment with NET.
Study III used an integrated approach of candidate gene, epigenetic and gene
set enrichment analyses to explore the Neurogenic locus notch homolog protein
(NOTCH) gene family as a potential risk mediator for PTSD development after trauma.
As NOTCH genes and pathways were previously associated with stress response and
memory processes in animals, we hypothesized NOTCH to be further involved in the
development of lifetime PTSD in adult post-conflict populations from Northern Uganda
and Rwanda. Association tests of the genes NOTCH1-3 with lifetime PTSD risk were
performed in Northern Ugandan rebel war survivors and findings were attempted to be
replicated in an independent cohort of Rwandan genocide survivors. Further, it was
explored whether the risk to develop a PTSD is associated with DNA methylation of
NOTCH genes in Rwandans. Finally, GSEA tested for enriched associations of
NOTCH-related pathways with lifetime PTSD risk in the Ugandan cohort, which we
then aimed to replicate in the Rwandan cohort.
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2

Does trauma event type matter in the assessment of
traumatic load?

2.1

Abstract
The likelihood of developing Posttraumatic Stress Disorder (PTSD) depends on

the interaction of individual risk factors and cumulative traumatic experiences. Hence,
the identification of individual susceptibility factors warrants precise quantification of
trauma exposure. Previous research indicated that some traumatic events may have
more severe influences on mental health than others; thus, the assessment of
traumatic load may be improved by weighting event list items rather than calculating
the simple sum score. We compared two statistical methods, Random Forests using
Conditional Interference (RF-CI) and Least Absolute Shrinkage and Selection
Operator (LASSO), based on their ability to rank traumatic experiences according to
their importance for predicting lifetime PTSD. Statistical models were initially fitted in a
sample of N1 = 441 survivors of the Northern Ugandan rebel war. The ability to
correctly predict lifetime PTSD was then tested in an independent sample of N2 = 211,
and subsequently compared with predictions by the simple sum score of different
traumatic event types experienced. Results indicate that RF-CI and LASSO allow for
a ranking of traumatic events according to their predictive importance for lifetime
PTSD. Moreover, RF-CI showed slightly better prediction accuracy than the simple
sum score, followed by LASSO when comparing prediction results in the validation
sample. Given the expense in time and calculation effort by RF-CI and LASSO, and
the relatively low increase in prediction accuracy by RF-CI, we recommend using the
simple sum score to measure the environmental factor traumatic load, e.g., in analyses
of gene × environment interactions.
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Keywords: Posttraumatic Stress Disorder, traumatic events, Random Forest
Conditional Interference, Least Absolute Shrinkage and Selection Operator, PTSD
risk, ranking, prediction

2.2

Highlights of the article

•

We investigated whether ranking of traumatic events may improve traumatic
load assessment rather than using the simple sum score of experienced event
types.

•

Both statistical models compared (RF-CI and LASSO) allow for a ranking of
traumatic events and revealed similar results regarding their predictive
importance for PTSD development.

•

Prediction accuracy of PTSD risk was only slightly improved when ranking
events by RF-CI and is accompanied with expenses in time and calculation
effort.

2.3

Background
With increasing rates of conflict and terror, natural disasters, and modern wars,

the number of humanitarian emergencies is rising and has reached highest numbers
since World War II (United Nations High Commisioner for Refugees, 2015). Thus, a
better understanding of the psychological consequences of traumatic events is of
highest societal and scientific relevance. Many survivors of traumatic experiences
develop trauma-spectrum disorders such as Posttraumatic Stress Disorder (PTSD),
which is associated with severe individual suffering, impairments in daily functioning,
elevated risk for diverse physical health impairments (Glaesmer et al., 2011;
Kubzansky et al., 2014), and suicidality (Jakupcak et al., 2009).
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Cumulative exposure to traumatic events has particularly grave consequences;
as the number of traumatic events experienced (traumatic load) rises, the risk for PTSD
increases in a ‘building block’ manner (Schauer et al., 2003). Furthermore, PTSD
prevalence rates reach up to 100 % at extreme levels of trauma exposure (Kolassa,
Ertl, Eckart, Kolassa, et al., 2010; Neuner et al., 2004). However, only a significant
minority of individuals develops PTSD at lower levels of traumatic load, indicating a
high relevance of individual risk factors in predicting PTSD susceptibility. Important risk
factors include demographic characteristics (e.g., Sayed, Iacoviello, & Charney, 2015),
personality traits (e.g., Jakšić, Brajković, Ivezić, Topić, & Jakovljević, 2012; James et
al., 2015), cognition and emotion regulation (e.g., Hayes, VanElzakker, & Shin, 2012),
genetic predispositions (e.g., DiGangi, Guffanti, McLaughlin, & Koenen, 2013; Wilker
& Kolassa, 2013), and molecular mechanisms (e.g., Neumeister, Seidel, Ragen, &
Pietrzak, 2015; Steudte-Schmiedgen et al., 2015; van Zuiden, Kavelaars, Geuze, Olff,
& Heijnen, 2013). These individual differences are similarly important for successful
PTSD treatment (Bryant et al., 2008, 2010; Felmingham et al., 2013; Wilker, Pfeiffer,
et al., 2014), and should therefore be considered in the allocation of therapeutic
resources to individuals at high risk, as well as for the individualization of treatment.
However, due to the influence of traumatic load on PTSD risk, individual risk
factors for PTSD development can be identified only if trauma exposure is
simultaneously assessed. Therefore, the validity of the identified risk factors will
strongly depend on the quality of the trauma assessment. Unfortunately, there are no
clear indicators of how trauma exposure should be best quantified, e.g., in studies
investigating gene × environment interactions. Wilker et al. (2015) previously raised
the question whether the number of different traumatic event types is a reliable and
valid predictor of lifetime PTSD, or whether event frequencies should be additionally
considered to best measure PTSD risk. Since the more time-consuming assessment
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of event frequencies did not improve the accuracy of PTSD prediction, they
recommended using the simple summation of the number of traumatic event types as
a measurement for traumatic load.
Even though the simple sum score is assumed to serve as a useful proxy to
measure traumatic load, some events may be more toxic than others. Netland (2005)
suggested a weighting of event list items instead of an additive summation for
traumatic load calculations to increase the accuracy of predictions on PTSD risk.
Furthermore, ranking traumatic events according to their predictive importance for
PTSD may allow for the exclusion of less predictive traumatic event types, and
therefore save time and resources in diagnostic interviews. In a study conducted by
Breslau et al. (1999), the highest risks for PTSD were observed in individuals exposed
to assaultive violence (e.g., military combat, rape, captivity, torture or kidnapping, being
threatened by a weapon, being badly beaten). Additionally, the sudden unexpected
death of a loved one was associated with a moderate risk for PTSD, while the
experience of accidents, natural disasters, or witnessing others being killed or injured
was associated with low conditional PTSD risk (Breslau et al., 1999). At least three
other studies from different cultural settings have independently replicated these
findings, showing that inter-personal, ‘man-made’ assaults more often lead to PTSD
development than non-personal events (Ferry et al., 2014; Hapke et al., 2006; Köbach,
Schaal, et al., 2015). In addition, Holbrook, Hoyt, Stein, and Sieber (2001) suggested
that the perceived severity of a traumatic event may depend on the victim’s selfperceived fear of death.
However, previous investigations in various traumatized populations have used
different event lists, making comparability between study populations difficult.
Furthermore, empirical research explicitly testing the simple sum score against
procedures accounting for the different pathogenicity of traumatic event is scarce.
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Köbach, Schaal, et al. (2015) recently employed the method of Random Forests
embedded in a Conditional Interference framework (RF-CI) to prioritize event list items
regarding their importance for predicting PTSD symptom severity. They investigated
former male members of the Congolese armed groups and replicated their findings in
a sample of Burundian ex-combatants (Köbach, Nandi, et al., 2015). While both studies
successfully identified certain events that were particularly important to PTSD
symptom severity by RF-CI, best predictions were obtained using the simple sum score
of all experienced events.

2.4

Objectives
The present study compared two different statistical procedures, RF-CI and the

Least Absolute Shrinkage and Selection Operator (LASSO), in their ability to identify
which traumatic events contribute most to PTSD development in a sample of Northern
Ugandan rebel war survivors. Furthermore, predictions by the applied statistical
models were compared to predictions using the simple sum score of traumatic events.
Therefore, our study can provide practical advice for future trauma-related research
studies applying event lists to assess multiple traumatic experiences. Knowing how to
best measure trauma exposure may allow for a more precise assessment of other
individual risk factors for PTSD. Additionally, in the long term, this may enable
improvements in predicting treatment success, as well as the individualization and
prioritization of treatments for patients with the highest therapeutic needs.
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2.5

Methods

2.5.1 Samples
Data was collected in the former Internal Displaced People (IDP) camps of
Pabbo (Amuru District) and Koch Goma (Nwoya District) (N = 490), and in the resettled communities and villages of the Gulu district (N = 240), Northern Uganda. Both
areas were severely affected by the atrocities of the Lord’s Resistance Army (LRA),
including abductions, forced recruitment, killings, mutilations, and sexual violence. All
participants provided written informed consent and only participants who experienced
at least one traumatic event were included in this study. Exclusion criteria from the
data analyses were signs of current psychotic symptoms and reports of current alcohol
abuse as this may have influenced the validity of interview responses. Furthermore,
only individuals with non-missing data regarding PTSD diagnosis and traumatic events
were considered. Both cohorts were independently sampled and will hereafter be
referred to as the training and test sample.
Training sample. For recruitment of the training sample, counsellors visited
residents of the former IDP camps and communities at their homes, explaining the aim
and scope of the research project. Interested individuals were invited for an interview.
One participant in the training sample was significantly older (age = 80 years) than the
others (age range 18–63 years); this participant was excluded from all analyses,
because of a potential age-related memory bias for the experienced traumatic events.
Furthermore, 48 participants of the training sample were removed due to missing data
regarding lifetime PTSD diagnosis and events. The final training sample used to build
the prediction models included 441 participants (254 female, Mage = 30.52,
SDage = 9.86, age range: 18–63 years).
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Test sample. For recruitment of the test sample, study procedures were
introduced in community meetings. Community members interested in participating
were invited for an interview. Of the 240 participants interviewed, 29 were excluded
from the test sample: 10 showed signs of current alcohol abuse, one had a history of
psychotic symptoms, two experienced difficulties in understanding interview questions,
and 16 were excluded due to missing data on the event list. The test sample used to
evaluate prediction accuracy consisted of 211 individuals (111 female, Mage = 33.60,
SDage = 10.67, age range: 18–62 years).
2.5.2 Materials and study procedures
All procedures followed the Declaration of Helsinki and were approved by the
Institutional Review Board of Gulu University, Uganda, the Ugandan National Council
for Science and Technology (UNCST), and the ethics committee of the German
Psychological Society (Deutsche Gesellschaft für Psychologie, DGPs). Diagnostic
interviews were performed by trained local counsellors who had received intensive
training on the concepts of mental health disorders, trauma and PTSD, counselling
skills, and quantitative data collection. Additionally, they were supervised by
psychologists with specialization in psychotraumatology. All diagnostic instruments
were translated into Luo, the local language of Northern Uganda, following a procedure
of blind-translation and back-translation according to scientific standards. Trauma
exposure was assessed using a 62-item event list, used for traumatic load assessment
in previous studies (Wilker et al., 2015; Wilker, Pfeiffer, et al., 2014), and covered: (1)
natural traumatic events (e.g., natural disasters), (2) events connected to war and
violence in general (e.g., close to shelling or bomb attack), (3) LRA-specific events
(e.g., forced to eat human flesh), (4) events where the victims were forced to become
perpetrators themselves (e.g., forced to attack villages), (5) the experience of domestic
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violence (e.g., severely beaten by spouse), and (6) other traumatic events (e.g.,
accidents, life-threatening illness). For the diagnosis of lifetime PTSD according to
DSM-IV-TR (American Psychiatric Association, 2000) the Posttraumatic Diagnostic
Scale (PDS; Foa, Cashman, Jaycox, & Perry, 1997) was employed as a structured
interview. The reliability and validity of the translated PDS applied by local interviewers
has been previously documented (Ertl et al., 2010).
2.5.3 Statistical procedures
To investigate which traumatic events contribute the most to PTSD
development, two different classification methods were performed: RF-CI and LASSO.
Recent investigations by Kessler et al. (2014) indicated Random Forest as best
machine learning approach to predict PTSD after trauma exposure. To evaluate
prediction accuracy, the authors calculated the area under the receiver operator
characteristics curve (AUC). Thus, AUC = 1 indicates perfect discrimination of cases
from controls by the model, AUC = .5 presents a prediction accuracy not better than
by chance, and AUC = 0 demonstrates the incorrect classification of all subjects
(Hajian-Tilaki, 2013). In the study by Kessler et al. (2014), RF-CI comprised highest
AUC with .96, while LASSO performed as good as other applied penalized regressions
(e.g. Ridge and Elastic net) and logistic regression models (AUC = .90).
Random Forests with Conditional Inference. Random Forests are a
combination of multiple classification trees (Breiman, 2001). Each tree in the forest is
built using a bootstrap sample. At each node, the tree splits on a small randomly
chosen subset of the features (e.g., traumatic events) instead of a full feature set,
choosing one feature to minimize an appropriate measure of impurity or
misclassifications in the child nodes. This leads to faster model fitting compared to
standard classification trees. Decisions in splitting nodes are binary and repeated until
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a terminal node is reached and determines the final response class (e.g., PTSD versus
no PTSD). Given the multitude of random trees in a Random Forest, using random
features as splitter variables, and bootstrapped samples to build each tree, the
potential of over-fitting a single tree is minimized. Furthermore, the correlation between
trees is reduced, without increasing the variance too much). Thus, in contrast to
standard classification trees, the trees in a Random Forest are not pruned. In addition,
Random Forests allow for predictions on independent test data, by feeding a new
feature vector into each of the forest’s component trees and having the component
trees vote on the final classification. Furthermore, information about the importance of
a variable is provided. For this, each tree is applied to those cases that were not chosen
in this tree’s bootstrap sample (so-called out-of-bag [OOB] data), but with one feature
randomly permuted among cases. The deterioration in classification accuracy between
the original and the permuted data is reported as this feature’s importance: if permuting
a feature’s values does not reduce classification accuracy much, then it is ipso facto
unimportant for classification (Breiman, 2001). However, the original permutation
importance measure in Random Forests overestimates the importance of predictor
variables that are correlated. Therefore, Strobl et al. (2008) suggested the calculation
of conditional variable importance for Random Forests (RF-CI). RF-CI reflects the true
impact of each predictor more reliably than the original marginal approach and similarly
allows for the consideration of potential confounding factors, by performing the
permutation in importance assessment only conditional on the values of other features
that the feature under investigation is correlated with.
Least Absolute Shrinkage and Selection Operator. LASSO describes
another popular model selection and shrinkage estimation method, originally proposed
for linear regression models (Tibshirani, 1996), but similarly applicable to the logistic
case (Genkin, Lewis, & Madigan, 2007; Hastie, Tibshirani, & Wainwright, 2015; Roth,
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2004). LASSO was introduced as the estimation of regression coefficients using
maximum likelihood; however, this can lead to data overfitting, resulting in poor
predictive accuracy due to high variance in the predicted values (Genkin et al., 2007).
Furthermore, interpretation of results can be difficult as all independent variables (e.g.,
all events in the event list) will be included in the regression model (βj ≠ 0).
LASSO includes an additional L1-norm penalty parameterized by a weight ! ≥ 0, which
is usually set by cross-validation, and minimizes the sum of the negative log-likelihood
and the penalty term. A LASSO model will set some of the regression coefficients
exactly to zero, depending on the value chosen for ! (Tibshirani, 1996). Note that this
is a non-trivial result, which depends crucially on the use of an L1 norm: the analogous
regularization using an L2 norm, or ridge regression, will not have this property. Thus,
a LASSO model will only involve a subset of predictors with non-zero coefficients,
leading to more interpretable models with improved prediction accuracy for
independent samples (Tibshirani, 1996). Furthermore, statements about the
importance of variables can be made: the earlier a variable is taken into the regression
model as ! reduces from very large positive values to zero, the more important the
variable is as predictor.
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2.5.4 Data analysis
All statistical analyses were performed in the statistical environment RStudio
version 3.2.1 (RStudio Team, 2015), applying the R package ‘party’ version 1.0.25 for
RF-CI (Hothorn, Buehlmann, Dudoit, Molinaro, & Van Der Laan, 2006; Strobl,
Boulesteix, Achim, & Hothorn, 2007; Strobl et al., 2008), and ‘glmnet’ version 2.0.2 for
LASSO computations (Friedman, Hastie, & Tibshirani, 2010).
Calculating conditional importance using all 62 events as predictors resulted in
a bug, which is – according to the package developers – most likely due to the large
number of categorical predictors included, causing a too high complexity of the
conditioning grid. They suggested to calculate the unconditional importance instead,
previously indicated to resemble the behaviour of the conditional importance, with
increasing number of randomly preselected splitter variables per node (mtry; Strobl et
al., 2008). In order to determine the optimal number of splitter variables, Random
Forests were built on the training data with 500 trees each. Simulations were repeated
101 times using different random number generator seeds for different values of the
mtry parameter. This number ranged between the square of the total number of
predictors (= 8; default value for Random Forest classifications; Hastie, Tibshirani, &
Friedman, 2009), and one-third of the total number of predictors (= 21; default value
for Random Forest regressions; Hastie et al., 2009). Comparing the averaged
simulation results of all 14 values tested, the best model fit regarding mean prediction
accuracy and standard deviation in the full training sample was provided by mtry = 20,
henceforth used for the analyses in the test sample. To similarly overcome the problem
of correlated predictors in LASSO regression, cross-validation was applied as
recommended by Hebiri and Lederer (2012). Possibly due to unbalanced numbers of
PTSD cases and controls in the samples, cross-validated mean squared errors
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resulted in more economical models, with less predictors and better prediction
accuracy than the cross-validation of the misclassification error. Assuming that some
events could be experienced differently based on gender, both models were
additionally calculated for males and females separately. For better comparability with
results proposed by Köbach, Nandi et al. (2015) and Köbach, Schaal et al. (2015),
distinct calculations were further performed for the group of ex-combatants and noncombatants. Groups were classified by the event list item: Have you ever been fighting
in combat (yes/no). The group of former combatants comprised 118 (26.76 %)
individuals in the training sample and 51 (24.17 %) individuals in the test sample, while
the group of non-combatants consisted of 323 (73.24 %) individuals in the training
sample and 160 (75.83 %) in the test sample.
To evaluate prediction accuracy, predictions of lifetime PTSD diagnosis for an
independent sample were separately obtained by all models built with RF-CI and
LASSO, respectively. For RF-CI, the voting majority of all 101 models were compared
with the actual diagnosis, while for LASSO, the mean of the predicted probabilities was
computed, classifying values higher than or equal to 0.5 as PTSD, and values below
0.5 as no PTSD. This procedure was similarly applied for traumatic load, which was
calculated as the number of different traumatic event types experienced and entered
in a logistic regression. Evaluation parameters for the predictions were: accuracy
(correctly diagnosed cases and controls divided by total sample size), sensitivity
(proportion of correctly identified PTSD cases), and specificity (proportion of correctly
identified controls).
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2.6

Results
A total of 78 % (n = 346) of the participants in the training sample and 72 %

(n = 151) in the test sample fulfilled the diagnostic criteria for lifetime PTSD. Only 24
% (n = 104) in the training sample and 22 % (n = 47) in the test sample met the criteria
for a current PTSD diagnosis. All participants had experienced multiple traumatization
with an average of 26.45 events (SD = 8.41, range: 9–55) in the training sample and
26.87 events (SD = 9.38, range: 2–61) in the test sample. Frequencies by which
traumatic events were experienced in each sample can be found in the Supplemental
data (Supplementary Tables 2.1 and 2.2).
RF-CI and LASSO were performed to investigate which specific events are the
most important predictors for PTSD development. Table 2.1 displays the ranking of the
events in decreasing order, separately listed for RF-CI and LASSO. As LASSO
reduces the number of predictors by setting some coefficients exactly to zero, the
results comprised a subset of 15 predictors, while RF-CI results contained all 62
events.
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Table 2.1. Ranking of traumatic events in decreasing order according to RF-CI (a)
and LASSO (b).
(a)

(b)

Rank RF-CI

LASSO

Description

Description

1.

Witnessing killing or murder

Witnessing killing or murder

2.

Suffering

Being forced to beat, injure or

from

a

life-threatening

illness or injury

mutilate by the LRA

3.

Being abducted or recruited by force

Witnessing robbery or looting

4.

Seeing fresh mutilations or dead

Seeing fresh mutilations or dead

bodies

bodies

Being threatened to be killed by the

Being abducted or recruited by force

5.

LRA
6.

7.

8.

Experiencing any other kind of

Suffering from a life-threatening

severe accident [not road accident]

illness or injury

Being forced to beat, injure or

Being close to any other fires [not

mutilate by the LRA

burning houses, not explosions]

Witnessing robbery or looting

Being threatened to be killed by the
LRA

9.

10.

11.

Witnessing

someone

being

Being

exposed

to

other

toxic

threatened to be killed by the LRA

substances [not poisoning]

Being close to shelling or bomb

Being forced to kill someone by the

attack

LRA

Witnessing severe injury by weapon

Witnessing any other kind of severe
accident [not road accident]
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12.

Being victim of robbery or looting

Being touched in private parts
against will

13.

Being harassed by armed personnel

Being imprisoned

14.

Being close to burning houses

Being victim of robbery or looting

15.

Being imprisoned

Being close to shelling or bomb
attack

…
53.

Being close to any other fires [not
burning houses, not explosions]

54.

Witnessing suicide

55.

Being hit by parents or caretaker

56.

Being injured by a weapon

57.

Witnessing threat by a weapon

58.

Being threatened by a weapon

59.

Being severely beaten or tortured

60.

Being severely beaten by spouse
[only women]

61.

Experiencing road accident

62.

Experiencing natural disaster

Note: Only the first 15 and 10 last ranks of RF-CI are displayed. Events within the first
15 ranks similarly found by RF-CI and LASSO are highlighted in gray. RF-CI, Random
Forest Conditional Inference; LASSO, Least Absolute Shrinkage and Selection
Operator
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Within the first 15 ranks of RF-CI and LASSO, ten matches were found,
including six events related to war and violence in general (Witnessing killing or
murder, Witnessing robbery or looting, Seeing fresh mutilations or dead bodies, Being
abducted or recruited by force, Being imprisoned, Being close to shelling or bomb
attack), two LRA-specific events (Being threatened to be killed by the LRA, Being
forced to beat, injure or mutilate someone by the LRA), and two events independent
of war and violence (Suffering from a life-threatening illness or injury, Witnessing any
other kind of severe accident [not road accident]). Even though the order of events
slightly differed between RF-CI and LASSO, both models identically indicated
Witnessing killing or murder to be the most important predictor for PTSD.
Prediction results are displayed in Table 2.2 and were evaluated with regard to
overall prediction accuracy, sensitivity, and specificity. Best overall prediction accuracy
was provided by RF-CI, followed by traumatic load, and LASSO, respectively. In the
logistic regression using traumatic load, PTSD diagnoses were assigned to
participants with 16 or more different traumatic event types experienced. Predictions
of all models were superior to the intercept-only model.
Table 2.2. Correct predictions (in %) for RF-CI, LASSO and traumatic load.

RF-CI

traumatic load

LASSO

Accuracy

77.25

75.36

74.88

Error rate

22.75

24.64

25.12

Sensitivity

98.01

94.04

94.04

Specificity

25.00

28.33

26.67

Note. Predictions on the independent test sample (N = 211). RF-CI, Random Forest
Conditional Inference; LASSO, Least Absolute Shrinkage and Selection Operator.
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Assuming that some events could be experienced differently based on gender,
RF-CI and LASSO were subsequently calculated separately for males and females.
Data analysis showed that the ranking order of events differed between males and
females. While for females Witnessing killing or murder consistently remained the most
important predictor, Seeing fresh mutilations or dead bodies (RF-CI) and Being
threatened to be killed by the LRA (LASSO), appeared to be the strongest predictors
for PTSD development for males. Again, RF-CI revealed better overall prediction
accuracy (males = 73.00 %, females = 76.58 %) than LASSO (males = 71.00 %,
females = 73.87 %). However, compared with the overall sample, prediction accuracy
did not improve with gender-specific RF-CI models. While prediction sensitivity could
be increased, models showed strong decreases in prediction specificity for both males
(sensitivity = 98.55 %, specificity = 16.13 %) and females (sensitivity = 100.00 %,
specificity = 10.35 %). Separate calculations for the group of individuals who were
former combatants, resulted in a ranking order of events completely distinct from those
who were non-combatants. The three most important predictors for lifetime PTSD
development in former combatants were Being threatened by a weapon, Being raped,
and Being forced to abduct children or adults, while Witnessing killing or murder,
Suffering from a life-threatening illness, and Seeing fresh mutilations or dead bodies
appeared to be the worst for non-combatants. While with a separate model for former
combatants, the prediction accuracy increased to 86.27 %, none of the healthy controls
was correctly predicted (sensitivity = 100.00 %, specificity = 0 %). However, no
increase in prediction accuracy was observed for the group of non-combatants
(accuracy = 73.13 %, sensitivity = 96.26 %, specificity = 26.42 %).
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2.7

Discussion
The aim of this study was to investigate how trauma exposure could be best

quantified and henceforth included in trauma-related research, in order to allow for a
precise assessment of other individual risk factors – such as genetic factors – for
lifetime PTSD development. We used two different statistical models, RF-CI and
LASSO, to rank traumatic event types according to their predictive importance for
lifetime PTSD risk in Northern Ugandan rebel war survivors. Then, we compared the
prediction results of both models with predictions of the simple sum score of traumatic
events experienced. The event list utilized included 62 traumatic events, containing
inter-personal trauma related to war in general and the LRA-war in specific, warindependent violence, as well as domestic violence, and natural trauma. The ranking
by RF-CI included all 62 events, whereas LASSO consisted only of a subset of
predictors. Within the first 15 ranks of RF-CI and LASSO, 10 events were found for
both models. Of those 10 events, eight were related to war and violence in general and
specifically to the LRA war. Therefore, our results replicate previous findings
demonstrating that the experience of war-related events, specifically the (threatening)
death or injury of others or self, increases the risk for PTSD (Holbrook et al., 2001). On
the contrary, only two events described non-man-made trauma (Suffering from a lifethreatening illness or injury and Witnessing any other kind of severe accident [not road
accident]).
Both RF-CI and LASSO identified Witnessing killing or murder to be the most
important predictor for the development of PTSD in the investigated study population.
However, some of the events frequently indicated by the participants to be the worst
experienced (see Supplementary Tables 2.1 and 2.2), and thus presumed to contribute
significantly to PTSD development, did not appear within the first ranks of RF-CI (e.g.,
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Being forced to kill someone by the LRA). Ferry et al. (2014) suggested that although
some events highly increase the conditional PTSD risk, their contribution to the overall
burden of PTSD might be rather small, as they show comparatively low prevalence in
the overall population. Indeed, the number of people who were Being forced to kill
someone by the LRA amounted to only 97 in the training sample (22.00 %) and 33
(15.64 %) in the test sample. However, among those who experienced this event, 66
individuals in the training sample (68.04 %) and 23 in the test sample (69.70 %)
reported this to be the worst event ever experienced. Furthermore, events that
participants subjectively identify as the worst do not necessarily have the highest PTSD
risk. If the events are accompanied by feelings of guilt, they may be experienced more
severely by the individual than events with objectively higher life threat. For example,
RF-CI revealed a completely different list of the most important events for former
combatants than non-combatants.
Regarding prediction accuracy for lifetime PTSD in an independent sample, the
best results were found using RF-CI, followed by traumatic load, and LASSO,
respectively. Thus, our results are in contradictions with previous findings on PTSD
symptom severity in OOB data by Köbach, Nandi, et al. (2015) and Köbach, Schaal,
et al. (2015). The authors compared RF-CI and traumatic load in two independent
African populations of male ex-combatants and found better prediction results by the
simple sum score of traumatic event types experienced than by RF-CI. Since our
samples included males and females, in contrast to Köbach, Schaal, et al. (2015) and
Köbach, Nandi, et al. (2015), analyses were computed separately for both genders
and the groups of combatants and non-combatants. However, prediction accuracy did
not increase by fitting gender-specific or group-specific models.
To summarize, this study demonstrated that RF-CI results were superior to the
prediction accuracy obtained by the simple sum score and LASSO. Thus, our results
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indicate that weighting event list items according to RF-CI, before calculating the
traumatic load, could improve the quantification of traumatic experiences in traumarelated research and their differentiation from other individual risk factors. However,
the increase in prediction accuracy by RF-CI only amounted to 1.89 %. Given the
expense in time and computational effort, a simple summation of the traumatic event
types experienced may be more economical. However, the reliable and valid
assessment of traumatic load requires the identification of all events an individual may
have experienced. Given the fact that a full bundle of questionnaires including a multipage event list might not be applicable in a diverse study setting, their shortening may
be worthwhile. Thus, LASSO could represent a possible approach to not only rank
event list items, but also reduce them according to their importance for PTSD risk.
However, in the present study, prediction accuracy of LASSO was slightly lower than
by traumatic load and RF-CI.
Even though our results have relevant implications for future research, some
limitations must be addressed. While the number of healthy individuals in the test
sample amounted to only 28 % compared with 72 % diagnosed with lifetime PTSD,
the prediction specificity of all procedures applied was rather small. Future studies
should therefore aim for more out-balanced samples. Furthermore, all participants in
this study were survivors of the LRA war in Northern Uganda, and the event list used
was specifically designed for this context. Thus, our results may not be generalizable
to other study cohorts. It is indeed very likely that the ranking of traumatic events will
vary with other investigated populations as being dependent on the traumatic events
asked for in each study. To cover this problem, future studies may use latent class
analyses (LCA). Different than variable-centered approaches (e.g., RF-CI and
LASSO), LCA is a person-centered approach that forms mutually exclusive classes of
individuals with similar response patterns. However, the primary goal of this study was
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to provide practical advice on how to improve the assessment of traumatic load and
subsequent PTSD predictions by suited statistical measures such as RF-CI and
LASSO, that are applicable to various traumatized populations. Which procedure is
‘best’ suited to assess traumatic load and other risk factors for PTSD development
depends on the researchers’ and clinicians’ aims, which may be a more accurate, more
economic or more time-efficient assessment of traumatic load. Independent of the
approach used, one should not underestimate that for an individual some events may
be of high importance, even though they do not appear within the first ranks of the
statistical procedures, such as RF-CI and LASSO.
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3

Genetic variation is associated with PTSD risk and
aversive memory: Evidence from two trauma-exposed
African samples and one healthy European sample

3.1

Abstract
The probability to develop posttraumatic stress disorder (PTSD), characterized

by vivid, intrusive emotional memories of the encountered traumatic events, depends
- among other factors - on the number of previous traumatic experiences (traumatic
load) and individual genetic vulnerability. So far, our knowledge regarding the
biological underpinnings of PTSD is relatively sparse. Genome-wide association
studies (GWAS) followed by independent replication might help to discover novel, so
far unknown biological mechanisms associated with the development of traumatic
memories. Here, a GWAS was conducted in N = 924 Northern Ugandan rebel war
survivors

and

identified

seven

suggestively

significant

single

nucleotide

polymorphisms (SNPs; p ≤ 1 × 10-5) for lifetime PTSD risk. Of these seven SNPs, the
association of rs3852144 on chromosome 5 was replicated in an independent sample
of Rwandan genocide survivors (N = 370, p < .01). While PTSD risk increased with
accumulating traumatic experiences, the vulnerability was reduced in carriers of the
minor G-allele in an additive manner. Correspondingly, memory for aversive pictures
decreased with higher number of the minor G-allele in a sample of N = 2698 healthy
Swiss individuals. Finally, investigations on N = 90 PTSD patients treated with
Narrative Exposure Therapy indicated an additive effect of genotype on PTSD
symptom change from pre-treatment to four months after treatment, but not between
pre-treatment and the 10-months follow-up. In conclusion, emotional memory
formation seems to decline with increasing number of rs3852144 G-alleles, rendering
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individuals more resilient to PTSD development. However, the impact on therapy
outcome remains preliminary and further research is needed to determine how this
intronic marker may affect memory processes in detail.

3.2

Introduction
Traumatic experiences such as war, terror, or natural disasters can lead to the

development of posttraumatic stress disorder (PTSD), a disorder characterized by
extremely vivid emotional memories of the traumatic events experienced. PTSD
symptomatology is associated with severe individual suffering, impairments in daily
functioning (American Psychiatric Association, 2013; Wilker, Elbert, et al., 2014),
increased physical health risk (Roberts et al., 2015; Schry et al., 2015; Scott et al.,
2013), and suicidality (Panagioti et al., 2015). The risk of PTSD development increases
with the number of different traumatic event types experienced (traumatic load)
(Mollica et al., 1998; Neugebauer et al., 2009; Neuner et al., 2004; Schauer et al.,
2003), and approaches 100 % at extreme levels of traumatic load (Kolassa, Ertl,
Eckart, Kolassa, et al., 2010). Nevertheless, substantial inter-individual differences can
be observed at lower levels of traumatic load, which underscores the role of individual
risk factors in the etiology of PTSD. Similarly, individuals vary in their response to
exposure-based psychotherapies for PTSD. Although these treatments are considered
very effective for PTSD (Ehlers et al., 2010; Schnyder et al., 2015), approximately one
third of trauma survivors still present with clinically significant symptoms after therapy
(Bradley et al., 2005; Cusack et al., 2016; Dossa & Hatem, 2012). A deeper knowledge
about individual predispositions related to PTSD development or lower treatment
responsiveness might help to identify individuals at risk early, allocate therapeutic
resources accordingly, and finally yet importantly, to personalize treatments according
to the individual needs of trauma survivors.
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The heritability of PTSD development following trauma exposure has been
estimated to be at least 30-40 % (Afifi et al., 2010; Sartor et al., 2012; Stein et al., 2002;
True et al., 1993), indicating a substantial influence of genetic risk factors in the
development of PTSD. Until now, over 100 candidate-gene association studies (for
reviews see Sheerin et al., 2017; Smoller, 2016; Wilker, Elbert, et al., 2014) and nine
genome-wide association studies (GWAS) have been published (Almli et al., 2015;
Ashley-Koch et al., 2015; Duncan et al., 2018; Guffanti et al., 2013; Logue et al., 2013;
Nievergelt et al., 2015; Stein et al., 2016; Wolf et al., 2014; Xie et al., 2013; for a recent
review see Nievergelt et al., 2018). While candidate-gene approaches are driven by a
priori hypotheses on PTSD risk, GWAS represent an untargeted approach, able to
detect new molecular mechanisms underlying PTSD development (Smoller, 2016).
Yet, the simultaneous testing of millions of single nucleotide polymorphisms (SNPs)
requires correction for multiple comparisons to avoid Type I errors, and the replication
of significant findings in independent study cohorts is needed to assure results’
reliability. The largest PTSD GWAS to date was conducted by the Psychiatric
Genomics Consortium for PTSD and showed a substantial overlap of PTSD risk loci
with schizophrenia, yet none of the tested variants reached genome-wide significance
(Duncan et al., 2018). Challenges of such large-scale analyses include disparities of
the investigated populations regarding their ancestry (Duncan et al., 2018) and the
measures applied to assess PTSD (Logue et al., 2015). Further, inconsistencies in the
assessment of trauma exposure make it difficult to include the environmental factor
traumatic load in large-scale GWAS. However, the identification of genetic markers
associated with the risk to develop PTSD requires an adequate assessment and due
consideration of traumatic load, which accounts for a large proportion of the variability
in PTSD vulnerability (Duncan et al., 2018). Therefore, studies with smaller samples
exposed to the same conflict, a standardized and systematic assessment of PTSD
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symptomatology and traumatic load as well as its consequent inclusion into analyses
might also advance our understanding of PTSD and complement the results from
large-scale GWAS, even though presenting with lower statistical power.
Since PTSD has been conceptualized as a disorder of pathological memory
formation of the traumatic experiences (Brewin, Dalgleish, & Joseph, 1996; Brewin,
Gregory, Lipton, & Burgess, 2010; Ehlers & Clark, 2000; Elbert & Schauer, 2002; Foa
& Kozak, 1986; Kolassa & Elbert, 2007; Rockstroh & Elbert, 2010), the investigation of
genetic factors related to memory performance in healthy individuals can give
important insights in the genetic underpinnings of PTSD (for a review see Wilker,
Elbert, et al., 2014). In previous studies, we were able to identify genetic factors
associated both with healthy memory performance and PTSD risk (de Quervain et al.,
2007, 2012; Heck et al., 2014; Wilker et al., 2013), indicating a possible overlap in the
genetic underpinnings of regular emotional memories and the development of
extremely distressing trauma memories. In this line, another key question in PTSD
genetic research is whether previously identified PTSD risk genes also influence the
modification

of

traumatic

memories

by

trauma-focused

exposure-based

psychotherapy. This would underscore the clinical relevance of genetic risk factors for
PTSD, which normally have small effect sizes. First efforts have been made to examine
the influence of reported risk genes (e.g., FKBP5, SLC6A4, and BDNF) on therapeutic
treatment outcomes. Despite small sample sizes, significant associations between
these risk variants and the modification of trauma memories by means of exposurebased psychotherapy were found (Bryant et al., 2010; Felmingham et al., 2013; Wilker,
Pfeiffer, et al., 2014).
In this study we investigated genetic markers underlying PTSD risk in two
independent African samples, including the influence of traumatic load in all analyses
stages. We furthermore tested for significant associations of the discovered genetic
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markers with memory performance in healthy Europeans and with psychotherapy
success in a subsample of Northern Ugandan rebel war survivors who were diagnosed
with PTSD and treated with Narrative Exposure Therapy (NET; Schauer et al., 2011).

3.3

Materials and methods

3.3.1 Samples
Ugandan discovery sample. Participants were survivors of the rebel war in
Northern Uganda, who were severely affected by the atrocities committed by the rebel
group Lord’s Resistance Army (LRA) (e.g., abductions, forced recruitment, killings,
mutilations, and sexual violence) who was active for about 20 years since 1987. Data
collection took place in the former internally displaced people (IDP) camps of Anaka,
Pabbo (Amuru District) and Koch Goma (Nwoya District), and in re-settled
communities and villages of Gulu District, Northern Uganda (details on the recruitment
are described in the Supplement). Inclusion criteria were an age of 18 years and
above, absence of signs for alcohol or substance addiction, absence of severe acute
psychotic symptoms and no current intake of psychotropic medication. To control for
a potential inflation of genetic effects by related participants, we furthermore asked
only one family member per household to participate. A total number of N = 1148
participants of this ongoing study were interviewed and genotyped at the 2017-01-05
data freeze. Out of these N = 17 were excluded due to missing behavioral data.
Furthermore, N = 207 participants were excluded based on the following criteria (see
Supplement for more details): inconsistency between reported and genetically inferred
sex, genome-wide call rate < 95 %, unusual ancestry genetic background (Bayesian
Clustering outlier detection; Bellenguez et al., 2012), cryptic relatedness (IBD
sharing pi-hat > 0.2; one-sample of each detected pair was excluded) and Bayesian
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Clustering outlier detection on genome-wide call and heterozygosity rates (Bellenguez
et al., 2012), leading to a sample of N = 924 (see Table 3.1 for a demographic
overview).
Importantly, the majority of the individuals (N = 180) were excluded due to
indications of first- or second-degree relationships with other participants in the sample
(pi-hat > 0.2). This might be due to the fact that a large number of participants were
sampled in former IDP camps and re-settled communities, where family members are
frequently living together, but in separate households. As the resulting sample still
comprised a large number of participants, who are likely third-degree relatives to other
individuals in the sample (pi-hat > 0.1), we further replicated our analyses applying this
more stringent threshold, resulting in a sample of N = 799 individuals. Further we
applied the following SNP inclusion criteria: minor allele frequency > .05, SNP call rate
> .95, non-deviance from Hardy-Weinberg equilibrium > .05 and only considered
autosomal SNPs, resulting in 654,099 SNPs used in the downstream analysis.
Rwandan replication sample. The sample included N = 409 survivors of the
Rwandan genocide who all lived in the refugee settlement Nakivale, Uganda. Study
inclusion criteria and applied quality controls were the same as for the Ugandan
discovery sample (see Supplement for details on recruitment and quality criteria
applied). Further cases with missing data regarding lifetime PTSD diagnoses and
traumatic load were dropped, leading to a sample of N = 371 (see Table 3.1). Contrary
to the Ugandan sample, the Rwandan sample only contained a small proportion of
relatives. Therefore, the threshold of pi-hat > 0.2 was sufficient.
Healthy Swiss sample. The subjects of this cohort represent subsets of two
ongoing studies, which were described previously (Heck et al., 2014; Spalek et al.,
2015). The purpose of these ongoing studies is to identify biological correlates of
cognitive performance by using genetics, electroencephalography (EEG study) and
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imaging techniques (fMRI study) in healthy young adults from the general population.
The reported data is based on the data freeze 2015-09-23. Participants indicating any
lifetime neurological or psychiatric disease or current medication intake (except oral
contraception) were excluded from study participation. Further, we excluded subjects
with missing phenotypic data and genetic outliers (see Supplement). After exclusion,
the combined sample comprised N = 2699 healthy individuals (1741 women, Mage =
22.51, SDage = 3.47). Of those, 1580 individuals took part in the EEG study (1062
women, Mage = 22.55, SDage = 3.59) and 1119 participated in the fMRI study (679
women, Mage = 22.46, SDage = 3.29), and will in the following be referred to as EEG
sample and fMRI sample.
Ugandan therapy sample. This sample of N = 90 individuals (see Table 3.1)
represents a subset of participants of the discovery sample, who fulfilled the diagnostic
DSM-IV-TR (American Psychiatric Association, 2000) criteria for a current PTSD at the
time of the first interview and were offered a treatment with NET (Schauer et al., 2011).
NET is an exposure-based short-term therapy for survivors of multiple traumatic
experiences who suffer from PTSD. The treatment aims at transforming the
defragmented memories of the traumatic experiences into a coherent and
chronological narrative. The therapy was performed by trained local counselors under
close supervision of expert psychologists in form of weekly supervision meetings, case
discussions and detailed case documentations. In the first session, the lifeline exercise
is performed in order to gain a chronological overview of the client’s life story. In the
following sessions, the therapist instructs the client to chronologically report on
significant life events, with a particular focus on imaginal exposure of the most
traumatic experiences. Hereby the client is encouraged to share his or her emotional,
behavioral, cognitive, and physiological reactions experienced during the traumatic
event. The clients should relive these emotional reactions in a controlled and secure
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environment in order to contextualize the fear memories (Schauer et al., 2011).
Participants received on average 12 sessions of NET that lasted 90–120 min and
generally took place twice a week. Diagnostic assessments were carried out before
treatment (t1), and four (t2) and 10 months (t3) after the end of treatment.
Table 3.1 provides an overview of the demographic characteristics and clinical
data of the three trauma-exposed samples investigated.
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Table 3.1. Demographic and clinical data overview of the Ugandan discovery sample, Rwandan replication sample and Ugandan
therapy sample.

Ugandan discovery

Rwandan replication

Ugandan therapy sample

sample (N = 924)

sample (N = 371)

(N = 90)

N female (%)

501 (54.22)

179 (48.24)

55 (61.11)

Mean age (s.d.)

31.26 (10.74)

34.65 (5.88)

31.33 (9.22)

Mean traumatic load (s.d.)

26.35 (8.95)

11.88 (5.20)

37.00 (6.57)

N Lifetime PTSD diagnosis (%)

644 (69.70)

263 (70.89)

90 (100)

N Current PTSD diagnosis (%)

195 (21.10)

158 (42.59)

90 (100)

Mean PDS Score (t1) (s.d.)

4.67 (6.28)

13.50 (10.72)

16.82 (4.77)

Note. In the Ugandan discovery sample and the Ugandan therapy sample a 62-item event list was used to assess traumatic load,
while in the Rwandan replication sample a 36-item event list was applied, hence, lower levels of traumatic load in the Rwandan sample
result from the applied event-list. PTSD = posttraumatic stress disorder, PDS = Posttraumatic Stress Diagnostic Scale.
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3.3.2 Materials and study procedures
Study procedures were approved by the Institutional Review Board of Gulu
University, Uganda, the Ugandan National Council for Science and Technology and
the ethics committee of the German Psychological Society (Deutsche Gesellschaft für
Psychologie, DGPs) for the Ugandan samples, the University of Konstanz, Germany,
and the University of Mbarara, Uganda, for the Rwandan sample, and by the ethics
committees of the Cantons Basel-Stadt and Basel-Landschaft for the Swiss samples.
All participants provided written informed consent prior to study participation.
Demographic and clinical data in the African samples were assessed via
structured clinical interviews. The Posttraumatic Stress Diagnostic Scale (PDS; Foa et
al., 1997) was used to determine each participant’s PTSD status according to DSMIV-TR (American Psychiatric Association, 2000) covering lifetime PTSD diagnosis,
current PTSD diagnosis (used to assign participants to the therapy sample) and current
PTSD symptom severity. The reliability and validity of the translated PDS has been
assured in previous studies with Ugandan (Ertl et al., 2010) and Rwandan trauma
survivors (Neuner et al., 2008). Cronbach’s alpha in this study was .92 for the Ugandan
and .92 for the Rwandan study cohort. Diagnostic interviews were conducted by expert
psychologists with the help of trained interpreters and trained local counselors under
supervision of psychologists with specialization in psychotraumatology. All diagnostic
instruments were translated into the local languages (Kinyarwanda, Rwandan
replication sample, and Luo, Ugandan discovery and therapy sample) according to
scientific standards, following a procedure of blind translation, back-translation and
group discussions by independent interpreters.
An event-list comprising 62 items (Ugandan discovery and therapy sample), or
36 items (Rwandan replication sample), was used to assess traumatic load, which was
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included as covariate in all analyses in the African samples. The event-list of the
Rwandan replication sample comprised general traumatic experiences (e.g., rape,
natural disaster), and events specific for the context of armed conflicts (e.g., fighting in
combat, bomb attack). This event-list was extended to include further atrocities specific
to the war of the LRA (e.g., forced to eat human flesh, forced to cut off lips and ears),
resulting in an event-list with 62 items for the Ugandan discovery and therapy sample,
respectively. For each event, participants were asked whether it ever happened to
them. Supplementary Table 3.1 provides an overview of the ten most frequently
experienced events in each of the three groups. Previous studies indicated that the
sum score of different traumatic event types experienced represents a reliable, valid
and economic assessment of traumatic load (Conrad et al., 2017; Wilker et al., 2015).
Participants of the healthy Swiss sample participated in a picture task in which
they were presented with 24 neutral, 24 positive and 24 negative photographs for 2.5
s each, and in quasi-randomized order (a maximum of four pictures with same valence
in a row). Pictures were obtained from the International Affective Picture System (IAPS;
Lang, Bradley, & Cuthbert, 2008); neutral pictures were additionally taken from inhouse standardized picture sets in order to equate the picture sets for visual complexity
and content (e.g., human presence). Subjects were instructed to rate the valence
(neutral, positive, negative) and arousal (low, medium, high) immediately after seeing
each picture at a three-point scale (Self-Assessment Manikin; SAM). For the
unannounced free recall task, 10 min after the presentation, participants were
instructed to describe in writing with a few words all pictures they could recall. A picture
was counted as correctly recalled if two independent raters could identify the presented
picture based on the subject’s picture description. In case of a mismatch between the
two raters (i.e., only one of the two raters judged the picture as correctly recalled, but
the other did not), a final decision on whether the picture was successfully recalled was
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made by an independent blinded third rater. A more detailed description of the picture
task has been reported in previous studies (Heck et al., 2014; Spalek et al., 2015).
For the genetic analyses, saliva samples were collected with Oragene DNA selfcollection kits (DNA Genotek Inc., Ontario, Canada) in all study cohorts. The samples
were shipped to the Transfaculty Research Platform Molecular and Cognitive
Neuroscience (MCN, Basel, Switzerland) where DNA was extracted from the collected
saliva samples using standard procedures. Subjects were individually genotyped using
the Affymetrix Human SNP-array 6.0 and samples were processed as described in the
Genome-Wide Human SNP Nsp/Sty 6.0 User Guide (Affymetrix, Santa Clara,
California, USA).
3.3.3 Statistical procedures
First, a GWAS was performed in the Ugandan discovery sample using PLINK
software version 1.07 (Purcell et al., 2007). In total, 654,099 autosomal SNPs were
included in the logistic regression analyses, testing for an additive genetic effect on
lifetime PTSD risk. Genotyping was done at three different time periods (genotypingbatch). We included traumatic load, sex, age and genotyping-batch (dummy-coded) as
covariates. Homogeneity in ancestral background was ensured by excluding
participants from the sample (cf. Supplement); ancestry was hence not included as
additional covariate. Only traumatic load and genotyping-batch showed significant
effects on lifetime PTSD risk and were hence included as covariates in subsequent
single SNP analyses, which were conducted to follow-up all SNPs that surpassed the
suggestive significance GWAS threshold (p ≤ 1 × 10-5; e.g., Wolf et al., 2014). For
these SNPs, we individually tested whether the inclusion of a gene × environment
interaction effect would increase the model fit according to Akaike’s Information
Criterion (AIC; Akaike, 1973). Statistical significance was determined by calculating
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likelihood ratio (LR) tests of nested models (Harrell, 2001). In order to replicate the
results from the Ugandan discovery sample, the same logistic regression models were
fitted in the Rwandan replication sample. In this study genotyping was done at a single
time period, therefore genotyping-batch was not considered as a covariate in the
models. We furthermore tested whether the SNPs replicated in the publicly available
PTSD GWAS of African American samples (Psychiatric Genomics Consortium;
http://www.med.unc.edu/pgc/results-and-downloads). All analyses were performed in
the statistical environment R (R Core Team, 2017) version 3.4.1, using the R package
‘GenABEL’ version 1.8.0 (GenABEL project developers, 2013).
For SNPs reaching suggestive significance in the GWAS performed in the
Ugandan discovery sample and being replicable in the Rwandan sample, we
furthermore planned for genetic association tests with memory of emotionally arousing
pictures in the healthy Swiss sample using linear regression models. Standardized
betas are reported to express the strength of association. We regressed out potential
confounding effects due to age, sex, genotyping-batch and change of the experimental
environment during the free recall in the fMRI sample. In line with the analyses on
lifetime PTSD risk, an additive genetic effect was assumed.
To investigate if associated PTSD risk markers also influence PTSD treatment
response (i.e., changes in current PTSD symptom severity over time) linear mixed
effect models were calculated in the Ugandan therapy sample using R package ‘nlme’
version 3.1.120 (Pinheiro, Bates, DebRoy, Sarkar, & R Core Team, 2017). Linear
mixed models are particularly suited for longitudinal data as they can model the
underlying correlational structure of repeated measurements and can easily deal with
missing data. The model included the PDS sum score as the outcome variable, time
as a within-subject fixed factor, genotype as a between-subject fixed factor, and the
interaction genotype × time, representing a potential effect of genotype on treatment
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outcome. The predictor variable time was factorized to be able to test for non-linear
symptom reduction. Additionally, the covariates traumatic load and genotyping-batch
were included as additional fixed effects and participants were modeled as a random
effect, with random intercepts for each participant. In case of a significant genotype ×
time interaction, planned general linear hypotheses were calculated as post-hoc tests
for linear mixed effect models, using the R package ‘multcomp’ version 1.4.6 (Hothorn,
Bretz, & Westfall, 2008). We planned for three tests, investigating the influence of
genotype on changes in PDS symptom score from before treatment to the 4-months
follow-up (t1-t2), between the 4-months and the 10-months follow-up (t2-t3) and from
pre-treatment to the 10-months follow-up (t1-t3). P-values were adjusted for multiple
comparisons following the Holm procedure.
To assure that genotype groups did not differ in demographic and clinical data
before treatment, Fisher’s exact test was applied for count data, while for continuous
data a one-way analysis of variance was used. In case that residuals were nonnormally distributed, a Kruskal-Wallis H test was performed. To be consistent with the
previous investigations on PTSD risk, an additive genetic effect was assumed. As
model residuals did not meet the assumption of normality, statistical significance was
evaluated by means of permutation tests (Anderson & Legendre, 1999) using 10,000
random permutations. Empirical p-values (pemp) are reported. All tests performed in
this study were two-sided with an alpha value of p ≤ .05 indicating statistical
significance.
Code availability. The PLINK code used to perform our GWAS and the R code
used for all other calculations can be obtained from the Supplement.
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See Supplementary Table 3.2 for an overview of the statistical tests conducted
in each sample and the variables included. Information about the localization of
significantly associated markers was obtained from the UCSC Human Genome
Browser (GRCh37/hg19; Kent, Sugnet, Furey, & Roskin, 2002)

3.4

Results

3.4.1 Ugandan discovery sample
GWAS in the Ugandan discovery sample (N = 924), testing for genetic
associations with lifetime PTSD risk while accounting for traumatic load, sex, age and
genotyping-batch as covariates, identified one SNP on chromosome 2 (rs570877), two
SNPs on chromosome 3 (rs6773270 and rs6798512), two SNPs on chromosome 5
(rs3852144 and rs7700424), one SNP on chromosome 6 (rs2237110) and one SNP
on chromosome 13 (rs2892713) which passed the suggestive significance threshold
(p ≤ 1 × 10-5) (Figure 3.1). All SNPs were in Hardy-Weinberg equilibrium (for more
detailed SNP information see Supplementary Table 3.3). While the two SNPs on
chromosome 3 were in complete linkage disequilibrium (r2 = 1.000), the two SNPs on
chromosome 5 were unlinked (r2 = .002).
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Figure 3.1. Ugandan discovery sample. Manhattan plot displaying the genome-wide association results for the Ugandan discovery
sample. Logistic regression models tested for an additive genetic effect of 654,099 autosomal SNPs and included traumatic load, sex,
age, and genotyping-batch as covariates. Blue line indicates suggestive significance threshold (p ≤ 1 × 10-5).
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We further found strong main effects of traumatic load (LR[1] = 169.21, p <
.0001) and of genotyping-batch (LR[2] = 41.49, p < .0001) on lifetime PTSD risk, but
not of age (LR[1] = 0.65, p = .421) or sex (LR[1]= 0.56, p = .456). Therefore, only
traumatic load and genotyping-batch were included as covariates in subsequent single
SNP analyses. For SNP rs3852144 on chromosome 5 (N = 923) there was a lower risk
to develop PTSD with increasing number of the minor G-allele (LR[1] = 21.30, p =
3.931 × 10-6; see also Figure 3.2).
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Figure 3.2. Ugandan discovery sample. Fitted probability values for lifetime
posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs3852144 (chromosome 5). Results
indicate a decreased risk for PTSD development after traumatic experiences with
increasing number of the minor G-allele. Similar results were obtained in the replication
sample (cf. Supplementary Figure 3.7).
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For SNPs rs570877 on chromosome 2 (N = 924; LR[1] = 21.81, p = 3.013 ×
10-6), rs2237110 on chromosome 6 (N = 915; LR[1] = 21.65, p = 3.268 × 10-6) and
rs2892713 on chromosome 13 (N = 911; LR[1] = 23.71, p = 1.122 × 10-6) we also
detected a lower risk to develop a PTSD with an increasing number of minor alleles
(see Supplementary Figures 3.1-3.3). On the contrary, for SNPs rs6773270 (N = 915;
LR[1] = 21.64, p = 3.285 × 10-6) and rs6798512 on chromosome 3 (N = 921; LR[1]
= 20.80, p = 5.086 × 10-6), and for SNP rs7700424 on chromosome 5 (N = 916; LR[1]
= 20.42, p = 6.224 × 10-6) we observed an increased PTSD risk with an increasing
number of minor alleles (Supplementary Figures 3.4-3.6). Only for SNP rs570877 did
the inclusion of an interaction between genotype × traumatic load improve model fit,
but was not significant (p = .098).
To control for the high proportion of third-degree relatives in the sample and a
potential inflation of genetic effects, we repeated our single SNP analyses excluding
these participants by applying the more stringent threshold (pi-hat > 0.1). We replicated
our initial results and observed a strong additive effect on PTSD risk for all SNPs tested
(rs570877: LR[1] = 18.85, p = 1.415 × 10-5; rs6773270: LR[1] = 16.16, p = 5.815 ×
10-5; rs6798512: LR[1] = 15.25, p = 9.408 × 10−5; rs3852144: LR[1] = 19.34, p = 1.093
× 10-5; rs7700424: LR[1] = 21.78, p = 3.066 × 10-6; rs2237110: LR[1] = 17.59, p = 2.742
× 10-5; rs2892713: LR[1] = 21.68, p = 3.223 × 10-6).
3.4.2 Rwandan replication sample
We could replicate the association of rs3852144 with lifetime PTSD risk in an
independent sample of N = 370 subjects with complete genetic data. Again, an
increase in the number of minor G-alleles was associated with a decrease in the risk
to develop PTSD (LR[1] = 7.30, p = .007; see Supplementary Figure 3.7). Associations
of the other identified SNPs with lifetime PTSD risk could not be replicated (rs570877:
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LR[1] = 0.27, p = .606; rs6773270: LR[1] = 1.93, p = .165; rs6798512: LR[1] = 2.12,
p = .145; rs7700424: LR[1] = 1.57, p = .210; rs2237110: LR[1] = 0.53, p = .467); but
the respective effects were concordant with those found in the Ugandan sample. SNP
rs2892713 could not be tested for replication in the Rwandan sample as it did not meet
the applied SNP quality control criteria in this cohort.
3.4.3 Replication in publicly available PTSD GWAS
None of the SNPs showed significant associations with PTSD in the dataset of
African Americans provided by the Psychiatric Genomics Consortium. It has to be
noted that the statistical analyses for which publically available summary statistics are
provided by the PGC did not include the factor traumatic load. However, for four of
seven SNPs the direction of effect was similar to the one found in this study. For more
details on the results, the reader is referred to Supplementary Table 3.4.
3.4.4 Healthy Swiss sample
Investigations of rs3852144 in the healthy Swiss sample were based on N =
2698 individuals with complete genetic data. In the combined sample (fMRI
subsample: N = 1118; EEG subsample: N = 1580), we found significant associations
between rs3852144 and memory for pictures with negative valence (b = 0.04, t(2696)
= 2.099, p = .036), but not for positive (b = 0.03, t(2696) = 1.45, p = .146) or neutral
valence (b = 0.02, t(2696) = 1.08, p = .282). Yet, if FDR correction was applied to
account for the analyses of three dependent variables, the statistical significance
threshold was not met.
Furthermore, we have to note, that if the two samples were investigated
separately, the association of SNP rs3852144 with negative pictures reached
significance only in the fMRI sample (b = 0.08, t(1116) = 2.61, p = .009). Figure 3.3
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displays the results, indicating a decrease of memory for negative pictures with an
increase of the minor G-allele, which is consistent with the findings from the lifetime
PTSD risk studies.
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Figure 3.3. Healthy Swiss fMRI sample. Beeswarm plot displaying remembered negative pictures (z-standardized) separately for the
three genotype groups of rs3852144 (chromosome 5). Consistent with the analyses on lifetime PTSD risk, results showed a decreased
memory performance with increasing number of the minor G-allele. Bold horizontal line indicates the median, upper horizontal line
indicates the upper 25% quartile, lower horizontal line indicates the lower 25% quartile.
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The effects for positive (b = 0.06, t(1116) = 1.93, p = .054) and for neutral
pictures did not reach significance (b = 0.03, t(1116) = 0.95, p = .345) in the fMRI
sample. None of the effects reached significance if only the EEG sample was included
in the analyses, even though the direction of the effects was similar (negative: b = 0.02,
t(1578) = 0.55, p = .584; positive: b = 0.01, t(1578) = 0.27, p = .786; neutral: b = 0.02,
t(1578) = 0.61, p = .543). The interaction of genotype × sample was not significant,
independent of the outcome variable used (p > .10).
3.4.5 Ugandan therapy sample
Finally, we investigated whether SNP rs3852144 had an effect on the decrease
of PTSD symptoms by exposure-based psychotherapy, including the PDS sum score
as outcome variable, a time × genotype interaction as predictor and traumatic load and
genotyping-batch as covariates. Statistical significance was confirmed by means of
permutation tests (pemp). We found significant main effects for the factor time (F2,174 =
88.77, p < .001, pemp < .001) and for traumatic load (F1,85 = 17.94, p < .001, pemp <
.001). Furthermore, a significant interaction between time × genotype on current PTSD
symptom severity was observed (F2,174 = 4.15, p = .017, pemp = .018), indicating that
genotype influenced the symptom change over time. No significant main effects of
genotyping-batch (F2,85 = 1.01, p = .370, pemp = .391) or genotype (F1,85 = 0.40, p =
.529, pemp = .546) were found. To further evaluate the significant interaction, we
calculated three planned general linear hypotheses adjusted for multiple comparisons.
These post-hoc analyses revealed a significant effect of genotype on the change in
PDS symptom score from pre-treatment to the 4-months follow-up (comparison t1-t2,
Z = 2.33, padj = .029). Additionally, the symptom change between 4 months and 10
months after the end of therapy was associated with genotype (comparison t2-t3, Z =
-2.18, padj = .042). However, the change in PTSD symptom severity from before
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therapy to the 10-months follow-up assessment (comparison t1-t3, Z = -0.15, padj =
.885) was independent of genotype.
Descriptively, we can see that this effect seems to depend mainly on the
homozygous G-allele carriers (see Supplementary Figure 3.8 and also Supplementary
Tables 3.5 and 3.6). No pre-treatment differences between genotype groups in
demographic and clinical data existed (for more details see Supplementary Table 3.7).

3.5

Discussion
Our GWAS, performed in a sample of N = 924 Northern Ugandan rebel war

survivors all exposed to the same large-scale conflict, resulted in seven SNPs passing
the suggestive significance threshold (p ≤ 1 × 10-5) for associations with lifetime PTSD
risk. For all SNPs, the individual effect was similarly found after application of a more
stringent threshold to account for the high proportion of related individuals in the
Ugandan sample. Furthermore, a highly significant main effect of the environmental
factor traumatic load was found. However, only for SNP rs3852144 could the genetic
association be replicated in an independent sample of Rwandan genocide survivors,
indicating a decrease in lifetime PTSD risk with higher number of minor G-alleles. None
of the SNPs replicated in the publicly available GWAS summary statistics of African
Americans provided by the Psychiatric Genomics Consortium, which might be because
of the different genetic background (East Africans versus African Americans) and the
fact that in their GWAS the environmental factor traumatic load was not considered.
Still, four of seven SNPs indicated a similar direction of effect. Investigations of
rs3852144 in a healthy European sample indicated lower memory for pictures with
negative valence with increasing number of the minor G-allele.
The effect of SNP rs3852144 on psychotherapy remains preliminary. Post-hoc
investigations of the significant time ´ genotype interaction revealed a significant
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genotype effect on the symptom change from pre-treatment to four months after
therapy, while no significant influence of genotype was observed regarding the
symptom change from pre-treatment to ten months after treatment completion.
Descriptively we can see that homozygous G-allele carriers showed higher symptom
scores four months after therapy than heterozygotes and non-carriers. One might
speculate that SNP rs3852144 G-allele is associated with diminished emotional
memory formation, which leads to a reduced PTSD vulnerability, but on the other hand
complicates memory extinction throughout the therapeutic progress. However, given
the fact that the G/G-group consisted of only 10 individuals in the therapy sample,
future analyses with larger sample size are needed to determine the consistency of
the reported results and the putative biological impact of SNP rs3852144 on
psychotherapy success.
According to the UCSC Human Genome Browser (GRCh37/hg19; Kent et al.,
2002), SNP rs3852144 is located in the first intron of Chromosome 5 Open Reading
Frame 67 (C5orf67), a protein-coding and brain-expressed gene with yet
uncharacterized function. The SNP is surrounded by multiple conserved transcription
factor binding sites involved in transcriptional regulation processes, the closest being
V$OCT1_04, a binding target for transcription factor POU2F1, located 5kb
downstream. Furthermore, about 204kb downstream of rs3852144, two long
intervening

noncoding

RNAs

(lincRNAs),

TCONS_0009404

and

TCONS_12_00022912, are localized (Kent et al., 2002). The closest gene to
rs3852144 is the Mitogen-Activated Protein Kinase Kinase Kinase 1 gene (MAP3K1)
located 248kb downstream (Kent et al., 2002). MAP3K signaling via downstream
targets is involved in inflammatory processes and in learning and memory formation
(e.g., Giese & Mizuno, 2013). However, the localization of SNP rs3852144 and the
lack of biological data related to the open reading frame C5orf67 do not yet allow to
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draw any conclusions regarding the biological mechanisms that link this genetic variant
to PTSD risk.
3.5.1 Strengths and limitations
Strengths of the study include a systematic assessment of PTSD and traumatic
load via structured clinical interviews in the African samples, each including individuals
who survived the same conflict, and the inclusion of four different samples and three
different phenotypic outcomes (i.e., PTSD risk, aversive memory performance and
therapy responsiveness). A major limitation consists in the fact that all SNPs identified
in our initial GWAS only reached suggestive significance, while none of them survived
FDR correction for multiple testing. Thus, our results once again demonstrate the
difficulties of GWAS to gain sufficient statistical power to detect minor genetic effect
sizes in smaller samples, even if the study participants of each cohort were exposed
to the same conflict and PTSD was assessed with the same measures. Nevertheless,
our study represents a valuable contribution to the existing body of research in the
field, demonstrating the potential to follow up suggestively significant GWAS results.
Furthermore, our results again highlight the importance of the environmental factor
traumatic load in terms of PTSD risk and treatment.
However, other factors known to increase the vulnerability for anxiety disorders
but not included in this study (e.g., experience of childhood maltreatment; Li, D’Arcy,
& Meng, 2016), should be accounted for in future research. Finally, although the size
of the therapy sample was large for a treatment study, it was relatively small for a study
on the genetics of treatment outcome. Only 10 individuals in the therapy sample
presented with a current diagnosis of PTSD and the G/G-genotype that was previously
associated with reduced PTSD vulnerability. Therefore, the results obtained from the
therapy sample remain preliminary.
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3.5.2 Conclusions and further directions
In sum, the results give preliminary evidence for an association of SNP
rs3852144 with PTSD risk and emotional memory indicating that this genetic variation
might play a role in the consolidation of highly emotional memories after traumatic
stress. Our findings underscore the pivotal role of memory processes in the aetiology
of PTSD, as formulated in prominent neurocognitive models of PTSD development
(Brewin et al., 1996, 2010; Ehlers & Clark, 2000; Elbert & Schauer, 2002; Foa & Kozak,
1986; Kolassa & Elbert, 2007; Rockstroh & Elbert, 2010). It further extends the growing
literature suggesting a substantial overlap regarding genetic factors associated with
memory performance in healthy individuals and the development and modification of
trauma memories in PTSD.
Yet, the underlying biological processes mediating the observed association
between SNP rs3852144 and emotional and traumatic memories still need to be
clarified. In particular, future studies investigating the potential functional relationship
of this intronic SNP with PTSD symptom development are needed. Studies
implementing SNP imputation might also help to fine-map linked genetic variants, that
are biologically more relevant and may underlie the observed associations.
Furthermore, the potential role of rs3852144 in the modification of trauma memories
by psychotherapy remains to be further investigated.
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4

Integrated genetic, epigenetic and gene set enrichment
analyses identify NOTCH as a potential mediator for
PTSD risk after trauma: Results from two independent
African cohorts

4.1

Abstract
The risk of developing posttraumatic stress disorder (PTSD) increases with the

number of traumatic event types experienced (traumatic load) in interaction with other
psychobiological risk factors. The NOTCH (neurogenic locus notch homolog proteins)
signaling pathway, consisting of four different trans-membrane receptor proteins
(NOTCH1–4), constitutes an evolutionarily well-conserved intercellular communication
pathway (involved, e.g., in cell–cell interaction, inflammatory signaling, and learning
processes). Its association with fear memory consolidation makes it an interesting
candidate for PTSD research. We tested for significant associations of common
genetic variants of NOTCH1–4 (investigated by microarray), and genomic methylation
of saliva-derived DNA with lifetime PTSD risk in independent cohorts from Northern
Uganda (N1 = 924) and Rwanda (N2 = 371), and investigated whether NOTCH-related
gene sets were enriched for associations with lifetime PTSD risk. We found
associations of lifetime PTSD risk with single nucleotide polymorphism (SNP)
rs2074621 (NOTCH3) (puncorrected = .04) in both cohorts, and with methylation of CpG
site cg17519949 (NOTCH3) (puncorrected = .05) in Rwandans. Yet, none of the
(epi)genetic associations survived multiple testing correction. Gene set enrichment
analyses revealed enrichment for associations of two NOTCH pathways with lifetime
PTSD risk in Ugandans: NOTCH binding (pcorrected = .003) and NOTCH receptor
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processing (pcorrected = .01). The environmental factor traumatic load was significant in
all analyses (all p < .001). Our integrated methodological approach suggests NOTCH
as a possible mediator of PTSD risk after trauma. The results require replication, and
the precise underlying pathophysiological mechanisms should be illuminated in future
studies.
Keywords: NOTCH, posttraumatic stress disorder, candidate gene analysis, gene set
enrichment analysis, epigenetics, MAGMA

4.2

Introduction
Threats to life and physical fitness, such as a serious accident, interpersonal

violence, natural disaster, rape, or war (i.e., the experience of traumatic stressors),
may result in mental suffering, such as posttraumatic stress disorder (PTSD) and/or
depression. The stress not only affects the mind but also the body. For instance, PTSD
is accompanied by an excess of inflammatory activation (for a review see Gill et al.,
2009), leading to higher morbidity and mortality among individuals with PTSD and a
generally lower quality of life (American Psychiatric Association, 2013; Glaesmer et al.,
2011; Kubzansky et al., 2014). Multiple studies demonstrated that the risk of
developing a PTSD increases with the number of different traumatic event types
experienced (traumatic load) (Mollica et al., 1998; Neugebauer et al., 2009; Neuner et
al., 2004), a concept termed building block effect (Schauer et al., 2003), and can reach
up to 100 % with extreme levels of traumatic load (Kolassa, Ertl, Eckart, Kolassa, et
al., 2010). Different neurocognitive models on PTSD development agree on the pivotal
role of a pathological trauma-memory formation in the etiology of PTSD (Brewin et al.,
1996, 2010; Ehlers & Clark, 2000; Elbert & Schauer, 2002; Foa & Kozak, 1986;
Kolassa & Elbert, 2007; Rockstroh & Elbert, 2010).
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Based on twin and family studies, heritability estimates for PTSD range between
30 % - 50 % (Sartor et al., 2012; Stein et al., 2002; True et al., 1993). While candidate
gene and genome-wide association studies (GWAS) identified several genetic variants
associated with PTSD development (for reviews, see Sheerin et al., 2017; Voisey et
al., 2014), our understanding of the biological underpinnings of PTSD remains limited.
GWAS represent an untargeted approach that tests for associations of not only one
single nucleotide polymorphism (SNP) but millions of different SNPs within the genome
simultaneously. However, this requires thousands to tens of thousands of individuals
to provide adequate statistical power (Voisey et al., 2014). In the largest GWAS on
PTSD published to date, including more than 20,000 individuals, the Psychiatric
Genomics Consortium for PTSD identified shared genetic risk factors for PTSD and
schizophrenia. However, none of the included gene variants reached genome-wide
significance (Duncan et al., 2018). A major shortcoming of the large-scale metaanalyses so far lies in the inconsistent assessment and statistical consideration of
traumatic load as an important environmental factor and its potential interaction with
the genetic markers under investigation. In contrast to GWAS, candidate gene studies
are driven by a priori hypotheses on the biological function of target genes. Testing
only a limited number of markers within certain preselected genes, candidate gene
studies can provide stronger statistical power than GWAS, even in smaller study
populations. Accumulating evidence from these studies suggests that genetic markers
that influence memory processes such as fear conditioning or episodic memory are
also associated with the development of fear memories in PTSD (for a review see
Wilker, Elbert, et al., 2014).
Due to its involvement in neuropsychiatric diseases, inflammation, and memory,
the gene family of neurogenic locus notch homolog proteins (NOTCH), which includes
four different highly conserved receptor genes (NOTCH1-4), represents an interesting
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target for PTSD research. Besides its regulatory function of cell fate during
development and adult tissue homeostasis, previous research associated the NOTCH
signaling pathway with various physical (Hubmann et al., 2013; Min et al., 2014; Sibbe
et al., 2012; Wieland et al., 2017) and neuropsychiatric diseases (Kong et al., 2012),
possibly by regulating inflammatory processes (Quillard & Charreau, 2013; Xu et al.,
2015). A growing body of research furthermore demonstrates the importance of
NOTCH genes and pathways for mental diseases, for example, schizophrenia
(International Schizophrenia Consortium et al., 2009), major depressive disorder, and
bipolar affective disorder (Ma et al., 2015). Steine et al. (2016) recently found an
association between two NOTCH1 SNPs and the susceptibility for anxiety and
depression in victims of sexual abuse. Their findings correspond well with results from
in vivo and in vitro research pointing toward an impairment of fear memory
consolidation by NOTCH signaling. Even though the exact mechanisms remain to be
illuminated, previous findings suggest a repression of other learning- and memoryregulating genes (Hallaq et al., 2015; Zhang, Yin, & Wesley, 2015) and a modulation
of the effects of stress on synaptic plasticity through NOTCH (Alberi et al., 2011; Wu
& Raizen, 2011). Given the involvement of NOTCH signaling in learning and memory
and its association with fear reactions, it can be expected that NOTCH genes also play
a role in the development of PTSD – a question that has not yet been addressed.
However, a mere candidate gene association study on NOTCH would not
provide a comprehensive understanding of its role in the etiology of PTSD, since single
genetic loci can only explain a small portion of the variance of disease risk (Civelek &
Lusis, 2014). A pivotal reason for the small effect sizes of single genes lies in the long
and complex pathway between genetic risk factors and the development of a mental
disorder, which includes several intermediate biological levels. For example,
epigenetic modifications, which can influence the transcriptional accessibility of the
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DNA without affecting the nucleotide sequence, represent an important mechanism
that can alter gene expression. The most popular epigenetic pattern studied in its
relation to PTSD is DNA methylation. It is by now widely accepted that epigenetic
modifications represent an individual adaptation mechanism to one’s environment.
These changes can occur during the entire lifespan and represent a driving factor of
natural aging (for a review see Pal & Tyler, 2016). However, epigenetic modifications
can also be triggered by stress, in particular following the experience of childhood
maltreatment and to a smaller extent, through traumatic experiences during adulthood
(Klengel et al., 2014). Consequently, the epigenome represents an attractive target for
psychophysiological investigations on NOTCH as a potential PTSD risk gene.
However, as it can be assumed that, similarly to genetics, epigenetics plays only a
minor role for PTSD development at extreme levels of trauma exposure, traumatic load
has to be considered as a covariate in epigenetic analyses.
It is also well known that polygenic diseases, such as PTSD, are caused by a
complex interplay of hundreds of genes (Schadt, 2009). For a comprehensive
understanding how a gene candidate mediates disease risk, it is therefore necessary
to unravel the biological context in which the gene operates (Papassotiropoulos et al.,
2013; Papassotiropoulos & de Quervain, 2015). Multilocus approaches, often known
as pathway or gene set enrichment analyses (GSEA), could therefore be a valuable
addition to candidate gene and epigenetic analyses. GSEA tests for associations of
functionally related gene sets with a phenotype of interest. Therefore, genes are
clustered together based on prior biological knowledge and tested against randomly
drawn gene sets of the same size (Segrè et al., 2010; Wang et al., 2010). Yet to our
best knowledge, only four studies investigated the biological underpinnings of PTSD
risk using pathway analytical tools. Their results point toward the involvement of genes
regulating synaptic plasticity (Duncan et al., 2018), the immune system (Ashley-Koch
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et al., 2015; Wingo et al., 2015), and the glucocorticoid signaling pathway (Logue et
al., 2015) in PTSD development.
Using an integrated approach, the present study aimed at providing insight into
whether NOTCH genes, epigenetic modifications or associated pathways are related
to an increased risk for lifetime PTSD in two independent trauma-exposed study
cohorts from East Africa.

4.3

Methods

4.3.1 Study cohorts
This study included two independent study cohorts, namely survivors of the war
between the rebel group Lord’s Resistance Army (LRA) and Ugandan governmental
troops, and survivors of the Rwandan genocide in 1994. All subjects included in this
study presented with nonmissing phenotypic data regarding PTSD status and
traumatic load, were free of signs of current alcohol or substance abuse as well as
acute severe psychotic symptoms, and did not take any psychotropic medication at the
time of the assessment. Furthermore, we applied stringent quality criteria for DNA
extraction procedures and genetic comparability. Exclusion criteria were (a)
inconsistencies between reported sex and sex inferred from genotypic data; (b)
genome-wide missing rates > 5 %; (c) deviations in heterozygosity and missing rates,
identified using Bayesian clustering (Bellenguez et al., 2012); (d) an unusual ancestry
genetic background of subjects according to the majority of the cohort, identified using
Bayesian clustering (Bellenguez et al., 2012) applied on the two first principal
components inferred from HapMap CEU, YRI, CHB-JPT populations; and (e) indices
for a close relationship with other individuals in the sample, as similarly described in
Wilker et al. (under review). As the Ugandan cohort included a large proportion of
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relatives, which may inflate genetic associations, we applied two different identity-bydescent (IBD) thresholds (! > 0.2, excluding one individual of each pair indicating firstor second-degree relationship and ! > 0.1, excluding one individual of up to thirddegree relatives’ pairings). Therefore, statistical analyses in the Ugandan cohort were
performed on N = 924 (501 women, Mage = 31.26, SDage = 10.74), and on N = 799 (439
women, Mage = 31.29, SDage = 10.92) individuals, applying the more stringent IBD
threshold. For the Rwandan cohort, we applied only an IBD threshold of ! > 0.2 as the
proportion of relatives was low, resulting in N = 371 individuals available for statistical
analyses (179 women, Mage = 34.65, SDage = 5.88). In addition, we excluded SNPs
indicating a minor allele frequency (MAF) < .05, SNP call rate < .95 and deviance from
Hardy-Weinberg equilibrium (HWE) < .05 from the analyses. In the Ugandan cohort, N
= 644 (69.70 %) of all participants fulfilled the criteria for a lifetime diagnosis of PTSD
according to DSM-IV-TR (American Psychiatric Association, 2000) at the time of
assessment, while N = 263 (70.89 %) individuals in the Rwandan cohort met the
diagnostic criteria. Furthermore, complete epigenetic and phenotypic data were
available for N = 331 of the Rwandan individuals.
4.3.2 Materials and study procedure
The study protocols for the Ugandan cohort were approved by the Institutional
Review Board of Gulu University, the Lacor Hospital Institutional Research Committee,
the Ugandan National Council for Science and Technology, Uganda, and the ethics
committee of the German Psychological Society (Deutsche Gesellschaft für
Psychologie), while for the Rwandan cohort the University of Konstanz, Germany, and
the University of Mbarara, Uganda, approved the study protocol. All participants
provided written informed consent prior to study participation.
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Diagnostic interview. Demographic and clinical data were assessed during a
diagnostic interview conducted by intensively trained local lay counselors (Uganda) or
by lay counselors as well as international expert psychologists with the help of local
interpreters (Rwanda). For the diagnosis of lifetime PTSD according to DSM-IV-TR
(American Psychiatric Association, 2000), the Posttraumatic Stress Diagnostic Scale
(PDS; Foa et al., 1997) was applied as an interview. The instrument was therefore
translated into Luo (Northern Uganda) and Kinyarwanda (Rwanda), then backtranslated and reviewed by trained and independent interpreters to avoid any
misinterpretation. Previous studies with Ugandan (Ertl et al., 2010) and Rwandan
trauma survivors (Neuner et al., 2008) indicated satisfactory psychometric properties
of the translated PDS versions.
The event list used for the Rwandan cohort included 36 items that covered
general traumatic events and events related to armed conflicts. The event list used for
the Ugandan cohort additionally included events specific to the LRA war and
comprised 62 items. Both event lists were used in previous studies (Wilker et al., 2013;
Wilker, Pfeiffer, et al., 2014). Participants were asked to indicate whether they were
exposed to an event in the past (yes or no). The sum score of different traumatic event
types experienced was calculated for each participant, as it provides a valid, reliable,
and economic assessment for traumatic load (Conrad et al., 2017; Wilker et al., 2015).
Genotyping procedure. The collection of saliva samples was part of the
diagnostic interview. Participants washed out their mouth with drinking water before
saliva was collected using Oragene DNA self-collection kits following the
manufacturer’s protocol (DNA Genotek Inc., Ottawa, ON, Canada). Samples were
biologically inactivated by adding a mixture of ethyl-alcohol and trometamol (DNA
Genotek Inc.) and shipped to the Transfaculty Research Platform Molecular and
Cognitive Neuroscience (Basel, Switzerland) under room temperature conditions. DNA
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extraction and individual genotyping followed standard procedures as described in the
Genome-Wide Human SNP Nsp/Sty 6.0 User Guide (Affymetrix, Santa Clara, CA). For
more details on the genotyping procedure, the reader is referred to de Quervain et al.
(2012).
Epigenetic data processing. To determine methylation status in saliva-derived
buccal cells, first, DNA was extracted as described above. For a comprehensive
description of the DNA preparation procedure, see Vukojevic et al. (2014). Next, DNA
was treated with bisulfite using an EZ DNA Methylation-Gold kit (Zymo Research,
Irvine, CA). The bisulfite-converted DNA was amplified using polymerase chain
reactions and hybridized to the 450K DNA methylation array (Illumina, San Diego, CA).
To quantify methylation levels the M-value method was applied, providing more valid
results considering Detection Rate and True Positive Rate compared to the Beta-value
method (Du et al., 2010). For more details on the 450K DNA methylation array and
data processing, see Milnik et al. (2016).
4.3.3 Statistical procedures
Candidate gene analyses. We planned to perform a candidate gene analyses
on NOTCH1, NOTCH2, NOTCH3, and NOTCH4, spanning a total of 53 SNPs
detectable by the Affymetrix Human SNP-array 6.0 according to the UCSC Human
Genome Browser (Human GRCh37/hg19; Kent et al., 2002). However, only 26 SNPs
within NOTCH1, NOTCH2, and NOTCH3 passed the SNP quality criteria applied to
the Ugandan cohort (i.e., MAF > .05, SNP call rate > .95, nondeviance from HWE >
.05). None of the SNPs located on NOTCH4 passed these quality controls. Multiple
logistic regressions were conducted and tested for main effects of SNP as predictor
variable and traumatic load as a covariate, as well as for a SNP ´ traumatic load
interaction effect on lifetime PTSD risk. In line with our epigenetic analyses, we
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considered genotyping batch as a covariate, whereby biological samples were
processed at three different assessment periods (genotyping batch) in the Ugandan
cohort. Statistical significance was determined by calculating likelihood ratio (LR) tests
of nested models (Harrell, 2001). Given the lack of prior biological knowledge on
associations between NOTCH markers and PTSD risk, we assumed a genotypic effect
for each SNP, postulating general differences between genotype groups without
determination of direction. False discovery rate (FDR) was used to correct for multiple
comparisons, yet for replication analyses in the Rwandan cohort, uncorrected
significant results were also taken into account. We fitted the same logistic regression
model as in the Ugandan cohort with the exception that genotyping batch was not
included as a covariate, because the biological samples of the Rwandan cohort
resulted from one single assessment period. Analyses were performed in the statistical
software R version 3.4.2 (R Core Team, 2017) using the R package GenABEL version
1.8.0 (GenABEL project developers, 2013). For FDR correction, the R-implemented
function p.adjust() was used (R Core Team, 2017). To compare genotype groups with
regard to demographic data, we performed Fisher’s exact test for count data and a
one-way analysis of variance (ANOVA) for continuous data. In case of non-normally
distributed model residuals, the Kruskal-Wallis H test was applied.
Epigenetic analyses. Epigenetic analyses were conducted in the statistical
environment R version 3.4.2 (R Core Team, 2017). Epigenetic data were available for
the Rwandan cohort, comprising N = 331 individuals with complete epigenetic and
phenotypic data. Based on the results of our genetic analyses (see Results section
Analyses of NOTCH genes in the Ugandan cohort and replication in the Rwandan
cohort) and in order to provide sufficient statistical power given the even smaller cohort
size available for epigenetic analyses compared to genetic analyses, we restricted our
epigenetic analyses to NOTCH3 CpG sites. Furthermore, we included only CpG sites
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that indicated medium to large epigenetic variability in recent reliability analyses
conducted by Milnik et al. (2016). Based on methylation data from Caucasians
extracted from blood, the authors found enrichment of methylation quantitative trait loci
(meQTLs) in CpGs with higher variation and indicated (at least in part) a genetically
driven methylation at those sites. Thus, our epigenetic analyses tested for associations
of lifetime PTSD risk with the methylation level of six CpG sites within NOTCH3
(cg16902973, cg21514227, cg09265397, cg17519949, cg08529654, cg27320207). In
line with our genetic analyses, logistic regression models included traumatic load as a
covariate and were furthermore adjusted for age, sex and the main sources of variation
identified by principal component analysis, including batch effects. Statistical
significance was determined by calculating LR tests of nested models (Harrell, 2001).
In addition to uncorrected significance values, we also report FDR corrected results (R
function p.adjust(); R Core Team, 2017). Further, we performed linear regression
analyses to test whether the methylation of identified CpG sites may depend on genetic
variants (meQTLs), while accounting for traumatic load as a covariate.
Genetic pathway analyses. NOTCH-related gene sets were extracted from
different online databases (Kyoto Encyclopedia of Genes and Genomes (KEGG),
http://www.genome.jp/kegg/; GeneOntology (GO), http://geneontology.org/; and
Reactome, http://www.reactome.org/), which were downloaded from the MSigDB
(version 6.1) database (Broad Institute, http://www.broadinstitute.org/gsea/msigdb) in
November 2017. Genetic pathway analyses included 19 NOTCH-associated gene
sets, of which six were obtained from the GO database, one from KEGG, and 12 from
Reactome. The computations were conducted with MAGMA on raw genotype data
rather than summary statistics from previously calculated GWAS, thus providing higher
statistical power (de Leeuw, Mooij, Heskes, & Posthuma, 2015). Compared to other
frequently used pathway software (e.g., INRICH, Lee, O’Dushlaine, Thomas, & Purcell,
100

INTEGRATED STUDY OF NOTCH AS NOVEL PTSD RISK GENE

2012; or MAGENTA, Segrè et al., 2010), MAGMA shows highest power at a
significantly reduced calculation time. Furthermore, the overestimation of gene sets
containing a large number of genes is reduced in MAGMA compared to other
approaches and linkage disequilibrium structures are directly included into analyses
as principal components, successfully preventing inflation of Type I error rates (de
Leeuw, Neale, Heskes, & Posthuma, 2016). To calculate gene set enrichment
analyses with MAGMA, we first annotated SNPs to genes, applying the same human
genome build as for previous candidate gene analyses (Human GRCh37/hg19; Kent
et al., 2002). Next, gene analyses were performed, using raw genotype data from the
Ugandan cohort and the SNP annotation file generated beforehand. Furthermore,
traumatic load and dummy-coded genotyping batch were included as covariates.
MAGMA offers different baseline gene analysis models, which are sensitive to different
genetic architectures, varying by gene. As the prior knowledge about distribution of
association signals across NOTCH genes was limited, we decided to use the
multimodel option. Thus, all three models implemented in MAGMA (principal
components regression, SNP-wise MEAN, and SNP-wise Top 1) were computed and
resulted in an aggregated p value, which was used for subsequent gene-level analyses
in the Ugandan cohort. The empirical multiple testing correction that is implemented in
MAGMA and based on a permutation procedure was applied (10,000 permutations).
Only significantly associated pathways were considered for replication analyses in the
Rwandan cohort, following the same steps as described for the Ugandan cohort. The
statistical significance threshold set for all analyses was p < .05.
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4.4

Results
All regression models testing for associations of genetic variants and CpG sites

with lifetime PTSD included traumatic load and, for genetic analyses, also genotyping
batch as covariates. Both traumatic load and genotyping batch were significant in all
analyses (all p < .001).
4.4.1 Analyses of NOTCH genes in the Ugandan cohort and replication in the
Rwandan cohort
As displayed in Table 4.1, 26 SNPs spanned by genes NOTCH1-3 were tested
for associations with lifetime PTSD diagnosis, including traumatic load as a covariate.
Three SNPs surpassed the uncorrected significance threshold (all puncorrected < .05). Of
those, two SNPs were located within NOTCH2 (rs17024559, rs17024564) and one
SNP was located in NOTCH3 (rs2074621). All SNPs were in HWE (all p > .05; see
Supplementary Table 4.1 for more detailed SNP information). No significant interaction
SNP × traumatic load was observed (all p > .10). None of the three SNPs remained
significant after FDR correction for multiple comparisons (all p > .05).
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Table 4.1. Logistic regression results of NOTCH 1-3 candidate gene analyses in the Ugandan cohort.
SNP

Gene

Genotype distribution

Genetics

Genetics

Traumatic

Interaction

Interaction

p-value

FDR p-

load

Genetics ×

Genetics ×

value

p-value

Traumatic

Traumatic load

load p-value

FDR p-value

rs17024559 NOTCH2 C/C: 12

G/C: 161

G/G: 751

.005

.108

< .001

.962

1

rs17024564 NOTCH2 A/A: 769

A/G: 147

G/G: 8

.010

.195

< .001

.850

1

rs2074621

G/A: 404

G/G: 420

.036

.714

< .001

.938

1

rs17024577 NOTCH2 A/A: 6

G/A: 142

G/G: 765

.070

1

< .001

.959

1

rs10127888 NOTCH2 C/C: 292

C/G: 452

G/G: 180

.131

1

< .001

.548

1

rs835575

NOTCH2 G/G: 293

G/T: 454

T/T: 177

.134

1

< .001

.622

1

rs10923931 NOTCH2 G/G: 294

G/T: 453

T/T: 176

.145

1

< .001

.617

1

rs2793831

NOTCH2 C/C: 175

T/C: 450

T/T: 283

.172

1

< .001

.551

1

rs7553305

NOTCH2 C/C: 39

T/C: 318

T/T: 567

.202

1

< .001

.472

1

rs3897840

NOTCH2 A/A: 540

A/G: 331

G/G: 53

.207

1

< .001

.910

1

rs2229971

NOTCH1 A/A: 95

G/A: 381

G/G: 447

.209

1

< .001

.182

1

NOTCH3 A/A: 98
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rs10426042 NOTCH3 C/C: 378

C/G: 429

G/G: 113

.255

1

< .001

.855

1

rs3125009

NOTCH1 C/C: 240

C/T: 476

T/T: 206

.258

1

< .001

.226

1

rs2934381

NOTCH2 A/A: 176

G/A: 452

G/G: 290

.264

1

< .001

.600

1

rs10422818 NOTCH3 C/C: 789

C/T: 126

T/T: 5

.376

1

< .001

.290

1

rs3124999

NOTCH1 C/C: 182

T/C: 451

T/T: 283

.528

1

< .001

.754

1

rs2453044

NOTCH2 A/A: 199

G/A: 457

G/G: 268

.577

1

< .001

.643

1

rs7245563

NOTCH3 C/C: 103

T/C: 408

T/T: 386

.608

1

< .001

.775

1

rs3124596

NOTCH1 A/A: 469

A/G: 353

G/G: 86

.627

1

< .001

.578

1

rs10494235 NOTCH2 A/A: 612

A/T: 275

T/T: 31

.669

1

< .001

.670

1

rs1466708

T/C: 271

T/T: 624

.705

1

< .001

.538

1

rs10423189 NOTCH3 A/A: 553

A/C: 326

C/C: 42

.806

1

< .001

.745

1

rs10405248 NOTCH3 C/C: 111

T/C: 430

T/T: 374

.849

1

< .001

.069

1

rs7257550

C/G: 242

G/G: 18

.893

1

< .001

.469

1

rs11145770 NOTCH1 C/C: 70

T/C: 339

T/T: 515

.898

1

< .001

.409

1

rs3124599

G/A: 299

G/G: 582

.952

1

< .001

.610

1

NOTCH2 C/C: 28

NOTCH3 C/C: 664

NOTCH1 A/A: 39

Note: Results are sorted by the uncorrected p-value for the genetic effect in decreasing order; SNP = single nucleotide polymorphism;
FDR = false discovery rate
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For replication analyses, all uncorrected significant SNPs were considered. Due
to the unbalanced genotype distribution of the two SNPs located in NOTCH2 (see
Table 4.1), only SNP rs2074621 (N = 922 with complete genetic data) in NOTCH3 was
further investigated. In the Ugandan cohort, the following genotype distribution was
observed: N = 98 homozygote carriers of the minor A allele, N = 404 individuals with
G/A genotype, and N = 420 individuals with G/G genotype. Descriptively, homozygous
carriers of the minor allele (A/A) presented with higher PTSD risk at lower traumatic
load than heterozygotes and noncarriers, who showed a similar diminished lifetime
PTSD risk in the Ugandan cohort (see Figure 4.1). No significant differences in
demographic data existed between rs2074621 genotype groups (see Supplementary
Table 4.2). To account for the relatively large proportion of relatives in the Ugandan
cohort, which may have inflated the genetic analyses results, we repeated our
calculations applying a more stringent IBD threshold (! > 0.1). Excluding one individual
of each pair indicating up to third-degree relationship, the study population comprised
N = 797 individuals with complete genetic data for SNP rs2074621 within NOTCH3,
which also reached uncorrected significance in this smaller cohort (! > 0.1: puncorrected
= .03; for comparison ! > 0.2: puncorrected = .04).
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0.6
0.4
0.2

P(Lifetime PTSD)

0.8

1.0

Genotype model rs2074621

0.0

A/A (N = 98)
G/A (N = 404), respectively G/G (N = 420)
0

10
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30

40

50

60

Number of Traumatic Event Types
Figure 4.1. Ugandan cohort. Fitted probability values for lifetime posttraumatic stress
disorder (PTSD) as a function of traumatic load are plotted separately for the genotype
groups of rs2074621 within NOTCH3. Homozygous minor allele carriers (A/A)
displayed the highest risks for the development of PTSD after traumatic experiences
at lower levels of traumatic load, compared with G/A and G/G-genotype groups. Note:
Progression curves of G/A- and G/G- genotype groups overlap.

We replicated the nominal significant association of SNP rs2074621 with
lifetime PTSD risk in the Rwandan cohort (p = .02; N = 369 individuals with nonmissing
genetic data for SNP rs2074621), where homozygous carriers of the A allele similarly
displayed highest PTSD risk (Figure 4.2).
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Yet, unlike the Ugandan cohort for whom the A allele was the minor allele, the
Rwandan cohort indicated the G allele as the minor allele. No differences in
demographic data between the three genotype groups existed in the Rwandan cohort
(Supplementary Table 4.3).

0.6
0.4
0.2

P(Lifetime PTSD)

0.8

1.0

Genotype model rs2074621

0.0

A/A (N = 94)
G/A (N = 189)
G/G (N = 86)
5

10

15

20

Number of Traumatic Event Types
Figure 4.2. Rwandan cohort. Fitted probability values for lifetime posttraumatic stress
disorder (PTSD) as a function of traumatic load are plotted separately for the genotype
groups of SNP rs2074621 within NOTCH3. As in the Ugandan cohort, homozygous
minor A-allele carriers displayed the highest risk for the development of PTSD after
traumatic experiences. Risk was decreased in the G/A- and lowest in G/G-genotype
group.
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4.4.2 Epigenetic modification of NOTCH3 CpG sites in the Rwandan cohort
Epigenetic analyses were based on N = 331 individuals with complete
epigenetic data and nonmissing information on PTSD lifetime diagnosis as outcome
variable. Logistic regressions were calculated for six CpG sites spanned by NOTCH3,
previously indicated as reliably measurable (Milnik et al., 2016) and included traumatic
load as covariate. Results showed a nominal significant association of methylation at
CpG site cg17519949 with lifetime PTSD risk, LR(1) = 3.90, puncorrected = .05, pFDR corrected
= .29, yet no significant results were observed after FDR correction for multiple testing
(see also Table 4.2). Accounting for traumatic load as a covariate, we tested for SNP
rs2074621 being a meQTL that potentially affects the methylation of the investigated
NOTCH3 CpG sites. We found a significant association between the methylation level
at CpG site cg17519949 and the previously identified SNP rs2074621 within NOTCH3
(SNP: b = -0.49; F(1,369) = 49.66, p < .001; traumatic load: F(1,369) = 0.28, p = .59),
whereby the level of methylation decreased with an increasing number of minor A
alleles.
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Table 4.2 Results of logistic regression including six reliably measurable NOTCH3-CpG sites testing for associations with PTSD
diagnostic status in the Rwandan cohort.
CpG site

Infinium Mapping
design

Strand UCSC Cpg island name

information

Statistic

p-value

UCSC CpG

type
cg17519949 I

Relation to

FDR
p-value

island
15292440

R

chr19:

Island

LR(1) = 3.90

.048

.290

Island

LR(1) = 2.24

.134

.403

N_Shore

LR(1) = 1.34

.248

.495

Island

LR(1) = 0.80

.373

.559

Island

LR(1) = 0.24

.628

.649

N_Shore

LR(1) = 0.21

.649

.649

15292399-15292632
cg09265397 I

15288799

R

chr19:
15288314-15288911

cg08529654 II

15305938

F

chr19:
15306243-15307111

cg27320207 I

15307057

R

chr19:
15306243-15307111

cg21514227 II

15288315

R

chr19:
15288314-15288911

cg16902973 II

15288310

R

chr19:
15288314-15288911

Note: Results are sorted by the uncorrected p-value in decreasing order; CpG = Cytosine Phosphodiester Guanine; Island = Region
with significantly increased CpG density compared to general human genome; N_Shore = Region up to 2 kb upstream of a CpG
island; FDR = false discovery rate
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4.4.3 Genetic analyses of NOTCH-related pathways
Genetic pathway analyses in the Ugandan cohort were conducted with MAGMA
and tested for enriched associations of 19 predefined NOTCH-related gene sets with
lifetime PTSD risk. Results indicated significant enrichment for two pathways retrieved
from the GO database after correction for multiple testing (NOTCH binding,
GO:0005112, p = .003; NOTCH receptor processing; GO:0007220, p = .011).
Furthermore, one pathway obtained from the REACTOME-database showed
enrichment on a trend level (Receptor ligand binding initiates the second proteolytic
cleavage of NOTCH receptor; R-HAS-156988, p = .067; Table 4.3).

110

INTEGRATED STUDY OF NOTCH AS NOVEL PTSD RISK GENE

Table 4.3. Results of MAGMA gene set enrichment analysis in the Ugandan cohort.
Gene set

Database

Number of Beta

Standardized Standard p-value

MAGMA

contained

beta

corrected

error

p-valuea

genes
NOTCH binding

GO

15

0.796 0.026

0.225

.0002

.003

NOTCH receptor processing

GO

12

0.788 0.023

0.250

.0008

.011

Receptor ligand binding initiates the

REACTOME 9

0.751 0.019

0.294

.005

.067

Pre-NOTCH transcription and translation

REACTOME 23

0.449 0.018

0.198

.012

.127

NOTCH signaling pathway

GO

0.229 0.017

0.105

.015

.153

Signaling by NOTCH2

REACTOME 9

0.549 0.014

0.314

.040

.346

NOTCH HLH transcription pathway

REACTOME 9

0.529 0.013

0.304

.041

.346

Signaling by NOTCH3

REACTOME 9

0.500 0.013

0.315

.056

.435

Signaling by NOTCH

REACTOME 78

0.148 0.011

0.105

.081

.546

NOTCH signaling pathway

KEGG

0.198 0.010

0.149

.093

.591

second proteolytic cleavage of NOTCH
receptor

78

36
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Signaling by NOTCH4

REACTOME 8

0.439 0.010

0.333

.094

.595

Signaling by NOTCH1

REACTOME 50

0.158 0.009

0.131

.115

.660

Pre-NOTCH expression and processing

REACTOME 36

0.183 0.009

0.154

.118

.668

Activated NOTCH1 transmits signal to the

REACTOME 19

0.237 0.009

0.208

.126

.693

GO

15

0.242 0.008

0.249

.166

.780

Regulation of NOTCH signaling pathway

GO

49

0.123 0.007

0.138

.187

.815

NOTCH1 intracellular domain regulates

REACTOME 33

0.093 0.005

0.166

.287

.920

GO

27

0.049 0.002

0.185

.394

.972

REACTOME 13

0.048 0.002

0.256

.425

.979

nucleus
Negative regulation of NOTCH signaling
pathway

transcription
Positive regulation of NOTCH signaling
pathway
Pre-NOTCH processing in golgi

Note: Results are sorted by the corrected p-value in decreasing order. a Based on a MAGMA-implemented permutation procedure
(10,000 permutations).
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Even though none of the above-mentioned pathways could be replicated in the
independent cohort of Rwandan genocide survivors, a positive beta for the GO
pathway NOTCH receptor processing (GO:0007220; b = 0.22, puncorrected = .20, pcorrected
= .31) was observed (Supplementary Table 4.4). Figure 4.3 provides a graphic
summary of the results of all analyses.

SNP
AàG

rs2074621
(NOTCH3)
p ≤ .05
SNP

meQTL
β = -.49,
p < .001
CH3

Nucleus

4. NOTCH receptor
ac1va1on upon
ligand binding

1. Transcrip1on
mRNA

cg17519949
(NOTCH3)
p ≤ .05
CH3

Endoplasma1c
re1culum

5. Cleavage of
intracellular receptor
domain and transloca1on
into the nucleus

2. Transla1on

mRNA

e.g.,
Jag1

Golgi
Ribosome

3. Surface ligand
presenta1on

e.g.,
hes1

Receptor cell

Eﬀector cell
NOTCH binding pathway
(3. + 4.); p ≤ .05

6. Transcrip1on of
NOTCH signaling
downstream targets

NOTCH receptor processing pathway
Universität Konstanz
(5. + 6.); p ≤ .05

Figure 4.3. Graphical summary of the results of the integrated candidate gene
association analyses, epigenetic analyses and gene set enrichment analyses of the
neurogenic locus notch homolog protein (NOTCH) gene family. Candidate gene
analyses identified a nominal significant association of single nucleotide polymorphism
(SNP) rs2074621 (NOTCH3) with lifetime PTSD risk. Epigenetic analyses revealed
nominal significant associations of CpG site cg17519949 (NOTCH3) with PTSD risk
and with the previously identified SNP, which indicates SNP rs2074621 as methylation
quantitative trait loci (meQTL). Gene set enrichment analyses further showed enriched
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associations of two NOTCH-related pathways with PTSD risk. Traumatic load, which
was included as a covariate, reached significance in all analyses.

4.5

Discussion
In line with previous studies (e.g., Kolassa, Ertl, Eckart, Kolassa, et al., 2010;

Mollica et al., 1998; Neugebauer et al., 2009; Neuner et al., 2004), we found a
significant dose-dependent effect of traumatic load, which was included as a covariate
in all analyses on PTSD risk. Moreover, this study revealed first evidence of a potential
involvement of NOTCH signaling in PTSD development.
Our candidate gene analyses indicated a nominally significant association of
lifetime PTSD risk with SNP rs2074621 (N = 922 rebel war survivors from Northern
Uganda), located in an intronic region within NOTCH3 on chromosome 19 (Human
GRCh37/hg19; Kent et al., 2002). This association remained stable even after a more
stringent control for the high proportion of third-degree relatives in the cohort was
applied. Furthermore, we replicated our finding in an independent cohort of N = 369
survivors of the Rwandan genocide. In both cohorts, homozygous carriers of the A
allele descriptively presented with higher PTSD risk than G/A and G/G carriers at lower
traumatic load. However, differences in the minor allele (Ugandan cohort: minor A
allele; Rwandan cohort: minor G allele) and unequal genotype distributions in the two
cohorts led to inconsistent results for the latter two genotype groups, leaving it unclear
whether the risk to develop PTSD is generally lower in G-allele carriers or decreases
with increasing numbers of “protective” G alleles. Given the involvement of NOTCH in
fear memory consolidation (Dias et al., 2014), one may hypothesize that SNP
rs2074621 could possibly affect the ability to store emotionally arousing memory
depending on genotype, which may render homozygous A-allele carriers more
vulnerable to develop PTSD. Yet, it needs to be determined how this intronic SNP may
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influence memory processes and consequently PTSD risk on a biological level in
detail, for example, by affecting the transcription and translation rate of downstreamlocated protein coding sequences.
Corresponding to the results of the candidate gene association analyses, we
identified methylation at CpG site cg17519949 (located on chr19: 15292440) within
NOTCH3 to be associated with lifetime PTSD risk on a nominal level in N = 331
survivors of the Rwandan genocide, controlling for the influence of traumatic load.
Further, we found a significant association of CpG site cg17519949 with SNP
rs2074621, indicating SNP rs2074621 as a meQTL, likely to affect the methylation
level of this CpG site. This assumption is further supported by the results of Milnik et
al. (2016), who found enrichment of meQTLs among CpGs with medium to large
epigenetic variability, as was the case with cg17519949 that is located within an exon
(Human GRCh37/hg19; Kent et al., 2002) and thus could be involved in the regulation
of gene expression. It is now widely accepted that NOTCH transcription and translation
is negatively regulated by MicroRNAs, which consequently affects the intensity of
NOTCH signaling (Dias et al., 2014). This is in line with Murphy et al. (2017) who
showed that impaired fear extinction, as frequently observed in PTSD patients, could
be rescued by targeting genes in plasticity-associated signaling cascades (i.e.,
NOTCH) to increase MicroRNA-controlled gene expression in the amygdala. However,
their findings are based on brain tissue, and future research is needed to determine
whether similar effects can be found in humans and in peripheral tissues (e.g. blood).
The results of our pathway analyses furthermore strengthened the presumed
role of NOTCH in PTSD susceptibility. The significantly enriched NOTCH receptor
processing-pathway (GO:0007220) describes the series of successive proteolytic
cleavage events following ligand binding to a NOTCH receptor, the first significantly
enriched pathway (GO:0005112), at the end of which stands the expression of
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downstream target genes, including the hairy and enhancer of split family and related
proteins. Both belong to the family of transcription repressors and thus indirectly
regulate the expression of numerous NOTCH target genes. As previous research
suggested that the impairment of fear memory consolidation may be driven by the
repression of other learning- and memory-regulating genes through NOTCH (Hallaq et
al., 2015; Zhang et al., 2015), this pathway might be involved in the pathological fear
memory formation in PTSD. Taken together, our GSEA suggest a potential
involvement of NOTCH-associated pathways in PTSD development and underpin the
potential of pathway analytic tools for future studies on mental health conditions
including PTSD, even though a high number of participants is still required to provide
adequate statistical power to identify and replicate risk-associated gene sets.
It has already been demonstrated that NOTCH is relevant in a large number of
biological regulatory functions, including the immune system and the (stress-sensitive)
hematopoietic system (Oh et al., 2013). Together with its regulatory impact on fear
memory consolidation (Dias et al., 2014) and long-term memory formation (Hallaq et
al., 2015; Zhang et al., 2015), mechanisms that were previously described to be altered
in patients with PTSD (for reviews, see Gill et al., 2009; Wilker, Elbert, et al., 2014) one
may hypothesize that NOTCH might play a role in a potential link between
inflammation, pathological memory formation, and disease risk. However, the lack of
previous research on NOTCH and PTSD risk in humans prevents drawing any final
conclusions.
4.5.1 Strengths and limitations
This was the first study of its kind to integrate three different methodological
approaches to investigate NOTCH as a potential novel mediator for PTSD risk. Yet,
the exact biological mechanisms of the identified associations of NOTCH genes,
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epigenetic modifications, and pathways with PTSD risk remain to be illuminated by
future research. Further, the generalizability of our findings and their transferability to
a systematic level using different tissues (e.g., cells of the innate and adaptive immune
system, neurons, and glia cells) need to be investigated.
A major limitation of this study is that not all of the presented results survived
correction for multiple testing and were partially nonreplicable in an independent,
smaller study cohort. Our results once more demonstrate the difficulties to detect small
genetic and epigenetic effects underlying polygenic diseases like PTSD, even with
targeted approaches and in cohorts with standardized assessment of traumatization
and PTSD symptoms. The correction for multiple comparisons represents a justified
request in genetic and epigenetic association studies to prevent Type I errors, but
precludes significance of true positives on the other hand. The aim to discover minor
genetic effects through exploratory testing of novel gene candidates spanning several
variants leads to a dilemma between the endeavor to account for the genetic
complexity of the disease and a too-conservative control for markers to survive
corrections for multiple comparisons. Even if the effect size of a risk marker is too small
to reach statistical significance, it may be no less important for disease development.
However, studies reporting nominally significant findings are scarce, even though
some of them indicate promising associations of PTSD with neurotransmitter and
neuropeptide-related genes, among them the frequently replicated gene SLC6A3,
which encodes the dopamine transporter (for a review see Smoller, 2016). It therefore
needs to be discussed how strict the control for multiple tests should be if the aim of
the study is to identify novel PTSD risk variants that will be followed up in future studies
(cf. Roback & Askins, 2005; Rothman, 1990). Instead of restricting replication to
markers that pass conservative corrections for multiple testing, one might – in this case
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– consider the replication of nominal significant results in independent study cohorts
and with multiple methodological approaches as presented in this study.
4.5.2 Conclusions and future directions
Our findings suggest an influence of NOTCH on PTSD risk in humans and
strengthen the presumed role of memory- and inflammation-associated genes in PTSD
development. Furthermore, our study once again highlighted the importance of the
environmental factor traumatic load in PTSD etiology and the necessity of its
consideration in genetic and epigenetic research on PTSD risk. Furthermore, we
demonstrated the value of integrated genetic, epigenetic and gene set enrichment
analyses when investigating the psychophysiology of mental diseases. NOTCH has
been identified to be a promising candidate to follow up in future studies on PTSD risk
and treatment. For example, changes in methylation should be investigated with
respect to their relevance for gene expression and protein density in the cell
membrane.
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5

General discussion
This thesis provides methodological suggestions for how to best quantify trauma

exposure in (epi)genetic studies. Furthermore, several methodological approaches to
investigate the biological underpinnings of PTSD and to overcome the shortcomings
of previous GWAS and candidate gene association analyses are introduced.
Even though the exposure to trauma constitutes a necessary factor for PTSD to
manifest and be diagnosed as such (American Psychiatric Association, 2013), no
uniform guidelines exist for its assessment, particularly in gene × environment studies.
In study I of this thesis, we applied two statistical procedures to rank traumatic event
types according to their predictive importance for PTSD development. A subsequent
comparison of the prediction accuracy on PTSD status of both measures and the
simple sum score revealed best results for RF-CI. However, the increase in accuracy
by RF-CI compared to the simple sum score was minor, while the calculation time was
more intense and the ranking-based environmental exposure variable more difficult to
compare between study cohorts. This made it less suitable for application in already
complex genetic and epigenetic association studies. In study II and III, investigating
genetic and epigenetic factors affecting PTSD vulnerability (or treatment outcome) we
therefore included the simple sum score of traumatic event types as simplest measure
for the traumatic load.
A standardized assessment of PTSD and of traumatic load, and the consequent
inclusion of the environmental exposure variable in the statistical analyses is of utmost
importance to identify genetic variants and epigenetic modifications associated with
PTSD vulnerability. In study II we therefore conducted a GWAS on PTSD risk while
accounting for traumatic load in all multiple regression analyses and using the same
measures for PTSD in both the Ugandan discovery and the Rwandan replication
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cohort. Furthermore, all markers surpassing the suggestive significance threshold (p ≤
1 × 10-5) were additionally tested for associations with memory performance in an
independent healthy cohort and with treatment outcome in a PTSD-diagnosed
subgroup of the Ugandan cohort.
However, to develop pharmacological interventions for traumatized individuals
that

might

either

prevent

the

development

of

a

PTSD

or

complement

psychotherapeutic interventions, it is not enough to just identify single genetic variants
associated with PTSD risk but the changes induced on a biological level. Therefore,
study III introduced an integrated approach, combining candidate gene analyses,
epigenetic analyses and GSEA, by which we were able to identify the NOTCH gene
family as a novel risk mediator for PTSD and a promising target for future treatment
studies.

5.1

Discussion of the empirical results
Despite the methodological indications provided by this thesis for future studies

investigating the genetics and epigenetics of PTSD risk and treatment success, our
results are only a first step towards a more comprehensive understanding of the
biology of mental health problems after trauma, including PTSD. In the following
paragraphs, I will discuss the results of the presented studies and provide suggestions
for a further advancement of the applied methods.
5.1.1 Aspects to consider when quantifying traumatic load for the inclusion in
genetic and epigenetic studies on PTSD
Study I applied two different machine learning approaches and tested their
ability to rank traumatic event types according to their predictive importance for PTSD
development. Both approaches indicated a particular severity of events regarding
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PTSD vulnerability, which included the intentional harming of another person. This
finding is in line with earlier study results (Ferry et al., 2014; Hapke et al., 2006;
Holbrook et al., 2001; Köbach, Schaal, et al., 2015) and may help to identify individuals
at risk by screening their trauma history for particularly “toxic events”. However, it has
to be noted that event rankings on a population basis, as obtained by RF-CI and
LASSO, may be in contradiction with the individual’s personal experience. Previous
research on childhood maltreatment experiences also pointed towards the existence
of sensitive periods for the development and symptom severity of mental health
problems (Gerke et al., 2018; Khan et al., 2015; Schalinski et al., 2016). Similarly, it
can be assumed that the various trauma event types affect PTSD vulnerability
differently depending on the age of exposure, a question that could however not be
addressed in this study.
Second, we compared both models in their ability to correctly predict PTSD
diagnostic status in an independent test sample, whereby RF-CI performed better than
LASSO. This replicates findings by Kessler et al. (2014) who similarly found Random
Forest to be the best machine learning approach. However, the increase in accuracy
by RF-CI compared to the simple sum score was only 2 % in our study. Additionally,
the conduction of RF-CI models took longer and was more complex than adding up
the number of experienced event types. It has to be kept in mind that genetic and
epigenetic analyses mostly include independent cohorts, which have (partially)
different traumatic backgrounds and are assessed by different event lists. Thus, they
would require conducting multiple RF-CI models for each cohort which would
unnecessarily increase the complexity of all analyses. If the ranking of events
furthermore differs between the investigated cohorts the comparability of the
environmental exposure variable between analyses and its interpretability will be more
difficult. Therefore, we suggest to use the sum score of traumatic event types
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experienced as simplest measure of traumatic load and subsequently included it in our
GWAS, candidate gene association analyses, epigenetic analyses and gene set
enrichment analyses.
5.1.2 The combination of different outcome measures in genetic research as an
alternative to strict genome-wide significance testing
Previously conducted GWAS on PTSD risk frequently failed to identify genomewide significant markers and to replicate them in independent study cohorts, most likely
because PTSD was assessed differently in the discovery and the replication cohort
and traumatic load was neglected in the genome-wide regression analyses (see Table
1.1). Study II of this thesis aimed to overcome the difficulties mentioned by performing
a GWAS in Northern Ugandan rebel war survivors and a replication of the results in
Rwandan genocide survivors. In both groups, we applied the same measure to assess
PTSD and quantified traumatic load, which was included in all analyses, as the number
of different traumatic event types experienced based on the results of study I.
Our GWAS identified seven suggestively significant SNPs (p ≤ 1 × 10-5), of
which rs3852144 on chromosome 5 also reached significance in the independent
replication cohort. An increasing number of minor G alleles was associated with a
decrease in PTSD risk in both African cohorts, and with reduced memory for negative
pictures in healthy Swiss individuals. These findings underscore the role of memoryassociated genetic variants in PTSD development, as indicated by earlier candidate
gene studies (de Quervain et al., 2012; de Quervain et al., 2007). However, the exact
biological mechanisms underlying the association of this intronic variant with PTSD
development need to be determined by future research. Further, our analyses on
treatment outcome give preliminary evidence for a delayed symptom improvement of
homozygous rs3852144 G-allele carriers compared to the other two genotype groups.
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Yet, this finding requires replication in larger study cohorts before any conclusions can
be drawn as the number of homozygous minor allele carriers was rather small (N =
10). Furthermore, traumatic load reached significance in all analyses and increased
PTSD risk in the previously described dose-dependent manner (Kolassa, Ertl, Eckart,
Kolassa, et al., 2010; Mollica et al., 1998; Neugebauer et al., 2009; Neuner et al.,
2004).
Taken together, our findings suggest that genetic variants which are associated
with less strong memory for negative pictures seem to protect from the development
of PTSD. Corresponding results have previously been shown for genes including
WWC1 (Papassotiropoulos et al., 2006; Wilker et al., 2013), ADRA2B (de Quervain et
al., 2007) and PRKCA (de Quervain et al., 2012). In addition, a similar impact of
memory-associated genes on treatment effectiveness can be assumed. One might
preclude that pharmacological interventions that address the ability to memorize (or
more specifically to retrieve negative information) could possibly be applied in case of
traumatic experiences to prevent the formation of a fear-memory structure or at least
facilitate its extinction by exposure-based interventions. First attempts in this regard
have already been made and revealed promising results e.g., for the histamine
receptor H1 (HRH1; Papassotiropoulos et al., 2013) and glucocorticoids (de Quervain
et al., 2011; for a review on possible drug target systems also see Singewald et al.,
2015). However, it has to be kept in mind that complex interactions between hormones,
neurotransmitters and neuropeptides exist and that alterations of one system
frequently influence the functioning of others simultaneously (Southwick et al., 1999).
Despite our promising findings, the study cohort used for our GWAS was not
large enough to reach sufficient statistical power to detect genome-wide significant
markers, even though traumatic load and PTSD were adequately assessed and
considered in the statistical analyses. One possibility to increase statistical power
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might be to conduct GWAS on endophenotypes, such as continuous brain measures
or the methylation level of immune-system related gene clusters, instead of using the
binary diagnosis (cf. Nievergelt et al., 2018). Alternatively, one could combine
neuroimaging and standard genetics research to gain a better understanding of
dysregulated gene pathways and their effect on neural systems involved in stress and
fear processing, presumed to underlie PTSD development (Almli et al., 2014). This,
however, would be accompanied by other challenges, such as a loss of specificity
given that the same brain abnormalities may be observed in several psychiatric
disorders (Nievergelt et al., 2018). As an alternative to the restrictive genome-wide
significance testing and ensuring disease-specific investigations, a consideration of
suggestively significant SNPs and a replication of associations in different cohorts and
with various, related outcome measures is suggested. GWAS may also be used
together with other methodological approaches that cover several biological levels,
comparable to Study III of this thesis which is presented in the next paragraph.
5.1.3 The potential to better understand the functional integrity of genes and
associated processes in the development of mental health problems
In study III we integrated a targeted genetic association study with GSEA and
epigenetic analyses on the stress- and memory-associated NOTCH gene family (Alberi
et al., 2011; Hallaq et al., 2015; Wu & Raizen, 2011; Zhang et al., 2015) to provide a
deeper understanding about its function and biological processes which link genetic
associations, trauma exposure and behavioral outcome. Once again, traumatic load
reached significance in all analyses and increased PTSD risk in a building block
manner, replicating Schauer et al. (2003). Our candidate gene analyses on NOTCH13 further revealed an uncorrected significant association of SNP rs2074621 within
NOTCH3 with lifetime PTSD risk in the Ugandan cohort. This association could be
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replicated in the Rwandan cohort, with A/A-carriers being at increased risk for PTSD
development. Including traumatic load as a covariate, we furthermore found a nominal
significant association between lifetime PTSD risk and CpG site cg17519949 in the
Rwandan cohort, for which epigenetic data was available, and a significant association
between CpG site cg17519949 and SNP rs2074621. This points towards a SNPdependent methylation at this site. Unfortunately, epigenetic data was not available for
the Ugandan cohort at this time and precluded any replication attempts. Our GSEA
further strengthened the presumed role of NOTCH in PTSD development and revealed
insights about the possible biological mechanisms underlying the genetic association
of NOTCH with PTSD symptomatology. In more detail, we found enrichment for
associations of the NOTCH binding pathway and the NOTCH receptor processing
pathway with lifetime PTSD risk in Ugandans. The NOTCH receptor processing
pathway also showed a positive direction of effect in the Rwandan cohort and
describes all processes following ligand binding to NOTCH and terminates in the
expression of downstream target genes, such as the hairy and enhancer of split (HES)
gene family. Belonging to the family of transcription repressors, HES indirectly
regulates the transcription of other NOTCH downstream targets (reviewed in Quillard
& Charreau, 2013) and might represent a possible biological cascade for the previously
described impairment of fear memory consolidation through the repression of other
learning- and memory-relevant genes by NOTCH (Hallaq et al., 2015; Zhang et al.,
2015).
Taken together, our results point towards the involvement of NOTCH in PTSD
development. Given the involvement of NOTCH in inflammatory regulation (Quillard &
Charreau, 2013; Xu et al., 2015), one may further hypothesize NOTCH to eventually
link the inflammatory alterations (for a review see Gill et al., 2009) and pathological
memory formation observed in PTSD patients (Elbert & Schauer, 2002; Kolassa &
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Elbert, 2007; Rockstroh & Elbert, 2010). Yet, this was the first study investigating
NOTCH in the context of PTSD development in humans and future research is needed
to investigate the biological mechanisms underlying the reported associations in more
detail. Furthermore, an association between NOTCH and therapy success can be
assumed, but we were not able to address this question empirically. A major limitation
of this study consists in the fact that neither the associated SNP nor CpG site reached
significance when corrected for multiple comparisons. This may be reasoned in the
fact that as opposed to physiological diseases, e.g., cancer, the transcriptional
signature of mental health problems represents a rather discrete adjustment of signal
transduction pathways (Klengel et al., 2014). Further, our epigenetic analyses were
conducted in saliva, and the transferability of our results to brain cells, the main tissue
of interest – which is hard to access in living individuals – remains an open question.
The lack of replication of our pathway results further demonstrates the necessity of a
sufficiently large study cohort also in GSEA to provide adequate statistical power.
Investigating NOTCH using three different methodological approaches, we could
nevertheless identify a novel mediator for PTSD risk and show the potential to combine
candidate gene, epigenetic and GSEA in PTSD research.

5.2

Implications for research and practice
Study I of this thesis provides advice for future research using event lists to

assess multiple trauma exposure and demonstrates that the best measure to quantify
trauma exposure depends on the researcher’s or practitioner’s needs. The application
of RF-CI, for example, can help to accurately identify individuals at risk by evaluating
their “traumatic event burden”. Further, a shortening of event lists using LASSO can
be a valuable tool for the application in resource-limited diagnostic practice. Yet, the
impact of specific events, even of those not ranking among the most important ones,
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can still vary between individuals and has to be considered. As the conduction of RFCI and LASSO is much more intense regarding time, and might lead to difficulties in
the comparison of the generated environmental exposure variable between studies,
the simple sum score clearly is the best measure to use in (epi)genetic research.
The results of study II and III further highlight the importance of considering the
environmental factor traumatic load in (epi)genetic research as it accounts for a
significant proportion of variance in PTSD risk and allows for a more precise
determination of genetic and epigenetic effects. However, the dilemma between the
endeavor to account for the complexity of polygenetic diseases and the low statistical
power of GWAS and candidate gene analysis cannot be solved by simply increasing
the number of participants. Instead, studies should consider suggestively significant
results and aim for their validation by testing for associations with memory performance
and different measures of PTSD, i.e. diagnosis and symptom change through therapy,
as demonstrated in study II. In addition, an integrated approach which allows to obtain
information about the association of a gene candidate on several biological levels
should be used. As an example, study III was the first to combine candidate gene,
epigenetic and GSEA to investigate NOTCH as a novel gene candidate for PTSD,
previously shown to be involved in fear memory processes. The results of both studies
underscore the importance of memory associated gene variants/genes in PTSD
development and helped to provide a broader picture of the likely underlying biological
mechanisms. Particularly, the identification of NOTCH as a potential novel PTSD risk
mediator poses several further research opportunities regarding the development of
pharmacological interventions for PTSD treatment and other psychopathologies. Of
particular interest in this regard is the association of NOTCH with Alzheimer’s disease
(AD; Auber, Brai, Marathe, Jaquet, & Annoni, 2017; for a review also see Woo, Park,
Gwon, Arumugam, & Jo, 2009). Reports of an increased risk for dementia in individuals
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exposed to high levels of life stress, more specifically PTSD (Yaffe et al., 2010; for a
review also see Greenberg, Tanev, Marin, & Pitman, 2014), recently motivated
research on a shared genetic etiology between both disorders. Agís-Balboa et al.
(2017), for example, already found that knockout of the actin nucleator Formin 2
(Fmn2) gene in mice is associated with PTSD-like phenotypes and accompanied by
mild deficits in neuronal plasticity, whereas chronically reduced Fmn2 lead to increased
age-associative memory decline. Fmn2 may thus represent a molecular mechanism
by which PTSD at young age possibly influences the risk for dementia in later life (AgísBalboa et al., 2017). NOTCH, that was previously associated with AD (Auber et al.,
2017; reviewed by Woo et al., 2009) and now identified as novel PTSD risk mediator
(Study III), represents another promising candidate for future studies in this regard.

5.3

Overall conclusions and outlook
Using a multiple-method approach, this thesis provides further insights into the

environmental and biological causes underlying PTSD risk and highlights the
importance of memory-associated genes in PTSD development. Based on previous
research findings (Kolassa, Ertl, Eckart, Kolassa, et al., 2010; Mollica et al., 1998;
Neugebauer et al., 2009; Neuner et al., 2004) and the study results presented in this
thesis, the most important factor for PTSD development seems to be the cumulative
exposure to trauma which predominates other individual risk factors at extreme levels
of traumatic load. Individual risk factors, including e.g., genetics, epigenetics,
demographics, personality, cognition and emotion regulation, hormones and many
others might, in total sum and at lower levels of trauma exposure, explain as much of
the variability in PTSD vulnerability as the environmental factor traumatic load, which
needs to be consistently considered in order to determine them. In particular, the
determination of the genetic contribution to PTSD risk is difficult, as PTSD is a
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polygenic disease, meaning that a multitude of genetic variants, each only contributing
a minimal effect, aggregate to a significant overall genetic effect (Smoller, 2016). This
should not only be considered in investigations on PTSD risk but also in the
development of pharmacological treatments. A precise estimation of this overall
genetic effect would require the identification of the effects of each single genetic
variant first, which seems impossible with the investigation methods currently
available, and is further complicated by gene × gene as well as gene × environment
interactions (Civelek & Lusis, 2014). However, the identification and adequate
consideration of interaction effects is unlikely, given the already low statistical power
of most candidate gene association analyses and GWAS. Similar problems exist with
regard to other individual risk factors as well, for example, epigenetics. While the effect
of traumatic load is well-known and robustly found, it will be a long way to go until
research methods will allow for the precise estimation of the effect of individual risk
factors besides traumatic load, and finally enable the understanding of the etiology of
PTSD in detail.
As a first step in this direction, future studies should take more into account the
existing research knowledge in the field and make better use of accessible summary
statistics. For example, the empirical information whether a certain SNP genotype or
CpG site methylation pattern increases or decreases disease risk would be a valuable
additional information to include in association studies. Given the sometimescontroversial study findings, one may aim for a mean allelic effect score for each SNP
or CpG site. Yet, this requires a non-restricted report of all study results, including
those missing the multiple comparison corrected threshold, as provided e.g., by the
PGC (http://www.med.unc.edu/pgc/results-and-downloads). However, there will be a
dilemma between the consideration of additional information and the already low
statistical power of these analyses. Given the frequently limited size of study
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populations, one may therefore consider to focus e.g., on CpG sites identified as
reliably measurable. As this gain of statistical power is, however, opposed by the
limited focus, such a preselection of (epi)genetic markers should ideally be based on
secure, research-proofed knowledge about the functional impact of gene variants and
methylation pattern on PTSD risk.
Future research should also focus on epigenetics as potential predictor and
correlate of PTSD treatment success (cf. Yehuda et al., 2013). While this thesis only
focused on DNA methylation, the past years have shown that epigenetic mechanisms,
i.e., DNA methylation, histone modifications, RNA signaling and chromatin
conformation changes, cross-regulate each other and have a joint impact (for a review
see Klengel et al., 2014). Furthermore, epigenetic modifications are only one process
associated with the individual’s genetic make-up and several intermediate steps
between genetic associations and disease development are of importance as well.
To obtain an encompassing picture of the biological processes underlying PTSD
risk, a complete systems biology approach is needed which considers several “omics”
sciences simultaneously. This includes – besides genomics (DNA) and epigenomics
(e.g., DNA methylation) – also transcriptomics (RNA), proteomics (proteins) and
metabolomics (metabolites) (see Civelek & Lusis, 2014 and Lasky-Su, 2013 for an
overview). However, this will require huge study cohorts to provide sufficient statistical
power and the time- and cost-intensive analysis of different tissues. This can only be
achieved if the respective workgroups collaborate (cf. Nievergelt et al., 2018). In
particular, the assessment of major study variables should be synchronized to allow
for a better comparison of study results, and the environmental factor traumatic load
needs to be considered in all analyses to unravel biological risk factors and replicate
them in independent cohorts. Together this could finally allow to identify biological

130

GENERAL DISCUSSION

measures of psychiatric vulnerability and to develop personalized pharmacological
treatments for PTSD patients.
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6

Supplemental material
The articles presented in chapters 2, 3 and 4 have been submitted with

supplemental (online) material, which includes supplemental information on the study
procedure, PLINK and R codes, figures and tables, respectively.

Does trauma event type matter in the assessment of traumatic load?
Supplementary Table 2.1. Frequencies of events, PTSD cases, and worst event
ratings related to overall frequency in decreasing order (training sample).
Supplementary Table 2.2. Frequencies of events, PTSD cases, and worst event
ratings related on overall frequency in decreasing order (test sample).

Genetic variation is associated with PTSD risk and aversive memory: Evidence
from two trauma-exposed African samples and one healthy European sample
Supplementary Methods
Supplementary Table 3.1. Overview of the 10 most frequently experienced events in
the Ugandan discovery and Rwandan replication sample.
Supplementary Table 3.2. Overview of statistical tests conducted in each sample and
variables included.
Supplementary Table 3.3. Detailed information on the SNPs separately tested in each
sample.
Supplementary Table 3.4. Comparison of results for suggestively significant GWAS
SNPs with publicly available PTSD GWAS data.
Supplementary Table 3.5. Number of participants with current PTSD diagnosis before
therapy (t1), 4 months after therapy (t2) and at 10-months follow-up (t3),
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separately displayed for genotype groups of rs3852144 in the Ugandan therapy
sample.
Supplementary Table 3.6. Mean and standard deviation of PDS scores before therapy
(t1), 4-months after therapy (t2) and at 10-months follow up (t3).
Supplementary Table 3.7. Demographic overview of rs3852144 genotype groups in
the Ugandan therapy sample.
Supplementary Figure 3.1. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are
plotted separately for the three genotype groups of rs570877 (chromosome 2).
Supplementary Figure 3.2. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are
plotted separately for the three genotype groups of rs2237110 (chromosome 6).
Supplementary Figure 3.3. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are
plotted separately for the three genotype groups of rs2892713 (chromosome
13).
Supplementary Figure 3.4. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are
plotted separately for the three genotype groups of rs6773270 (chromosome 6).
Supplementary Figure 3.5. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are
plotted separately for the three genotype groups of rs6798512 (chromosome 3).
Results indicate an increased risk for PTSD development after traumatic
experiences with increasing number of the minor A-allele.
Supplementary Figure 3.6. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are
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plotted separately for the three genotype groups of rs7700424 (chromosome 5).
Results indicate an increased risk for PTSD development after traumatic
experiences with increasing number of the minor C-allele.
Supplementary Figure 3.7. Rwandan replication sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are
plotted separately for the three genotype groups of rs3852144 (chromosome 5).
Supplementary Figure 3.8. Ugandan therapy sample. Mean sum scores and standard
errors of the Posttraumatic Stress Diagnostic Scale (PDS) before therapy (t1),
4 months after therapy (t2) and at 10-months follow up, separately displayed for
the three genotype groups of rs3852144 (chromosome 5).

Integrated genetic, epigenetic and gene set enrichment analyses identify NOTCH
as a potential mediator for PTSD risk after trauma: Results from two independent
African cohorts
Supplementary Table 4.1. Detailed information on the three uncorrected significant
SNPs from the initial candidate gene study, separately listed for each cohort.
Supplementary Table 4.2. Demographic overview for genotype groups of NOTCH3SNP rs2074621 for the Ugandan cohort.
Supplementary Table 4.3. Demographic overview for genotype groups of NOTCH3SNP rs2074621 for the Rwandan cohort.
Supplementary Table 4.4. Results of gene set enrichment replication analyses in the
Rwandan cohort.
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Supplementary Table 2.1
Frequencies of events, PTSD cases, and worst event ratings related to overall
frequency in decreasing order (training sample).
Rank Description

1.

Overall

Being forced to kill someone by the

PTSD

Rating “worst

frequency (%) cases

event” (%)

97

(22.00) 96

66

(68.04)

LRA
2.

Witnessing killing or murder

290

(65.76) 257

119

(41.04)

3.

Experiencing a traumatic event not

33

(7.48)

6

(18.18)

375

(85.03) 308

67

(17.87)

31

included in list*
4.

Seeing people with fresh mutilations
or dead bodies

5.

Being severely beaten or tortured

292

(66.21) 239

25

(8.56)

6.

Being forced to skin, chop or cook

29

(6.58)

2

(6.90)

333

(75.51) 280

21

(6.31)

29

dead bodies by the LRA
7.

Being threatened to be killed by the
LRA

8.

Being injured by a weapon

164

(37.19) 139

10

(6.10)

9.

Being raped

82

(18.59) 73

5

(6.10)

358

(81.18) 289

19

(5.31)

11. Fighting in combat

118

(26.76) 111

5

(4.24)

12. Being bewitched

119

(26.98) 101

5

(4.20)

13. Being forced to eat human flesh by

25

(5.67)

1

(4.00)

429

(97.28) 337

14

(3.26)

15. Being close to shelling or bomb attack 381

(86.39) 310

12

(3.15)

10. Being close to crossfire or shooting of
snipers

25

the LRA
14. Being close to a combat situation

Note. The table displays only the first 15 ranks of events, sorted in decreasing order
by the relative frequency of being rated as the worst event experienced by the
individuals in the training sample. The ratings of five participants were excluded as
they indicated two worst events instead of one. *Events in this category could not be
assigned to other items in the list due to divergent content-related details.
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Supplementary Table 2.2
Frequencies of events, PTSD cases, and worst event ratings related on overall
frequency in decreasing order (test sample).
Rank Description

Overall

PTSD Rating

frequency

cases “worst

(%)

event” (%)

1.

Being forced to kill someone by the LRA 33

(15.64) 31

23

(69.70)

2.

Being abducted or recruited by force

129

(61.14) 104

55

(42.64)

3.

Experiencing a traumatic event not

21

(9.95)

8

(38.10)

190

(90.05) 141

42

(22.11)

15

included in list*
4.

Seeing people with fresh mutilations or
dead bodies

5.

Fighting in combat

51

(24.17) 44

5

(9.80)

6.

Being severely beaten or tortured

131

(62.09) 103

9

(6.87)

7.

Being forced to beat, injure, mutilate

59

(27.96) 53

4

(6.78)

someone by the LRA
8.

Being threatened by a weapon

122

(57.82) 99

8

(6.56)

9.

Being burned by parents or caretakers

16

(7.58)

11

1

(6.25)

10. Being raped

34

(16.11) 32

2

(5.88)

11. Being forced to skin, chop or cook dead

18

(8.53)

18

1

(5.56)

12. Being injured by a weapon

69

(32.70) 57

3

(4.35)

13. Being harassed by armed personnel

139

(65.88) 109

5

(3.60)

14. Being severely beaten by spouse (only

60

(28.44) 44

2

(3.33)

192

(91.00) 143

6

(3.13)

on purpose

bodies by the LRA

1

women)

15. Being close to a combat situation

Note. The table displays only the first 15 ranks of events, sorted in decreasing order
by the relative frequency of being rated as the worst event experienced by the
individuals in the test sample. One participant indicated an event to be the worst
experienced that was not included in the event list, and thus was excluded. 1Females
in population n = 111. *Events in this category could not be assigned to other items in
the list due to divergent content-related details.
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Supplementary Methods (Study II)

Ugandan discovery and Rwandan replication sample: Detailed description of the
recruitment procedure
Ugandan discovery sample. For the study introduction, community meetings
were set in which the purpose of the research project was explained. In the larger
former internally displaced people (IDP) camps Anaka, Pabbo and Koch Goma,
individuals were approached by the interviewers in their home stalls and where asked
whether they were interested in study participation. In the smaller villages of Gulu
district, where the huts are often scattered over far distance, interested individuals
were invited to schedule an appointment for the diagnostic interview. In order to avoid
a confounding of association results due to a sampling of related individuals (cryptic
relatedness), only one member per household was allowed to participate in the study.
Rwandan replication sample. Participants were sampled proportionally to the
population size of the zones of the refugee settlement in Nakivale, Uganda. Individuals
were approached in their households and detailed information about the study was
given. The member of each family who was most affected by the Rwandan genocide
was invited to participate in the study.
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Ugandan discovery, Rwandan replication sample and healthy Swiss sample:
Detailed description of the genotypic quality controls
Ugandan discovery sample. The discovery sample comprised N = 1148
individuals. Subjects were excluded based on the following reasons, whereby some
individuals were dropped for fulfilling multiple exclusion criteria: (1) inconsistency
between reported sex and sex inferred from genotypic data (N = 5) (2) genome-wide
missing rate > 5 % (N = 5) (3) subjects deviating in heterozygosity and missing rates,
identified using Bayesian clustering (Bellenguez et al., 2012) (N = 15) (4) subjects with
unusual ancestry genetic background according to the majority of the samples,
identified using Bayesian clustering (Bellenguez et al., 2012) applied on the two first
principal components inferred from HapMap CEU, YRI, CHB-JPT populations (N = 5)
(5) subjects with cryptic relatedness (pi hat > 0.2) (one sample excluded for each pair,
N = 180). Furthermore, stringent SNP quality criteria (minor allele frequency (MAF) >
.05, SNP call rate > .95, non-deviance from Hardy-Weinberg equilibrium (HWE) > 0.05)
were performed with PLINK software version 1.07 (Purcell et al., 2007) and lead to the
exclusion of 239475 SNPs in the Ugandan discovery sample. Furthermore, only
autosomal SNPs were considered, hence, analyses were based on 654099 autosomal
SNPs.
Rwandan replication sample. The replication sample included N = 409
individuals. Subjects were excluded based on the following reasons, whereby some
individuals were dropped for fulfilling multiple exclusion criteria: (1) inconsistency
between reported sex and sex inferred from genotypic data (N = 6) (2) missing rate >
5 % (N = 1) (3) subjects deviating in heterozygosity and missing rates, identified using
Bayesian clustering (Bellenguez et al., 2012) (N = 4) (4) subjects with unusual ancestry
genetic background according to the majority of the samples, identified using Bayesian
clustering (Bellenguez et al., 2012) applied on the two first principal components
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inferred from HapMap CEU, YRI, CHB-JPT populations (N = 6) (5) subjects with cryptic
relatedness (pi hat > 0.2) (one sample excluded for each pair, N = 12). Furthermore,
we assured that the SNP quality criteria applied to the Ugandan sample (i.e., MAF >
.05, SNP call rate > .95, HWE > .05) were similarly fulfilled by all SNPs tested in the
Rwandan sample.
Healthy Swiss samples. For each GWAS dataset, Bayesian Clustering
Algorithm (Bellenguez et al., 2012) was applied on genome-wide summary statistics to
identify and exclude atypical individual samples. Briefly, considering a combination of
two summary statistics, the algorithm infers each sample's posterior probability to
belong to the outliers' class. A first outlier assessment was based on genome-wide call
rate and heterozygosis rates, for which extreme values may be indicative of a
genotyping bias. The second assessment aimed at identifying subjects with unusual
ancestry according to the majority of the samples. This was done by projecting the
samples' genotypic data on the two first PCA components inferred from HapMap data
using YRI, CEU and CHB-JPT populations. In addition, subjects with genome-wide
missing rate > 5 % were excluded. Further we performed a sex check between
genetically inferred and self-reported gender and an IBD-check to exclude related
subjects (pi hat > 0.2, one subject per identified pair excluded), within and between
samples. Similar to the Ugandan and Rwandan sample, SNP quality controls were
applied to all SNPs tested (i.e., MAF > .05, SNP call rate > .95, HWE > .05).
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PLINK and R codes
#!/bin/bash
########################################################################
### PLINK script to perform genome-wide association study in the Ugandan sample ###
###
Sarah Wilker, Anna Schneider, Daniela Conrad
###
########################################################################
### Notes
### 1. The home folder path needs to be replaced by your directory
### 2. Batch was dummy-coded for the analyses in PLINK
### 3. The phenotypic file contained 5 covariates all read in by the command "sex-Factor_batch2": sex, age, traumatic load,
Factor_batch1, Factor_batch2
### 4. The following commands generates the files .log, .nosex, .assoc.logistic and .assoc.logistic.adjusted
### 5. The GWAS summary statistics for this study which are contained in the .assoc.logistic-file are available on request
./plink

--noweb \
--bfile bed_bim_fam_file_name \
--out output_file_name \
--covar phenodata_file_name.txt \
--covar-name sex-Factor_batch2 \
--pheno phenodata_file_name.txt \
--pheno-name PTSD_LIFE_DSMIV \
--logistic \
--ci 0.95 \
--adjust
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rm(list=ls())
##############################################################################################
###
R script to perform single SNP analyses in the Ugandan sample
###
### Single SNP analyses included genetic variants that reached suggestive significance in the previous GWAS
###
###
This script provides the code exemplary for SNP rs3852144
###
###
Sarah Wilker, Anna Schneider, Daniela Conrad
###
##############################################################################################
### Load necessary packages
library(car)
library(GenABEL)
library(psych)
#####################
### Read in data files ###
#####################
### Read in SNP files
### Note:
### Each SNP file contains the following information obtained from the UCSC genome browser:
### #bin, chrom, chromStart, chromEnd, name, score, strand, observed, rsId
SNP_chr5 <- as.character(read.table("chr5_sig_SNP.txt", sep="\t", comment.char="", header=TRUE)[,"rsId"])
### Read in previously generated GenABEL-object containing phenotypic and genetic data of your study sample
### Note:
### For the analyses applying a more stringent IBD threshold the same code was used, but a different GenABEL-object was read in
containing less individuals.
load(file="discovery_data_file.Rdata")
### Select entries for SNPs found suggestively significant in previous GWAS
index <- rep(TRUE, nrow(phdata(discovery_data_file)))
gene <- discovery_data_file[index, SNP_chr5[SNP_chr5 %in% snpnames(discovery_data_file)]]
summary(gene)
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#####################
### Data preparation ###
#####################
### Prepare dataset and check for missing values
### Note:
### The PTSD_LIFE_DSMIV-variable is binary coded: 0 = no lifetime PTSD diagnosis, 1 = lifetime PTSD diagnosis
### The SumEventTypesLife-variable is defined as the number of different traumatic event types experienced ("traumatic load")
data <- phdata(discovery_data_file)
data$rs3852144<- as.character(gene@gtdata[,"rs3852144"])
data$batch <- as.factor(data$batch)
data <- data [!is.na(data$PTSD_LIFE_DSMIV),]
data <- data [!is.na(data$SumEventTypesLife),]
### Test for single effect of covariates included in previous GWAS
### Note:
### Only SumEventTypesLife and batch reached significance
model_traumaload <- glm(PTSD_LIFE_DSMIV~SumEventTypesLife, data=data, family="binomial")
summary(model_traumaload)
Anova(model_traumaload, test = "LR")
model_batch <- glm(PTSD_LIFE_DSMIV~batch, data=data, family="binomial")
summary(model_batch)
Anova(model_batch, test = "LR")
model_sex <- glm(PTSD_LIFE_DSMIV~sex, data=data, family="binomial")
summary(model_sex)
Anova(model_sex, test = "LR")
model_age <- glm(PTSD_LIFE_DSMIV~age, data=data, family="binomial")
summary(model_age)
Anova(model_age, test = "LR")

142

SUPPLEMENTAL MATERIAL

### Prepare individual SNP data
data <- data [!is.na(data$rs3852144),]
summary(data$rs3852144)
### Generate new variable coding the genotype groups in an additive manner
data$additive_coding <- ifelse(data$rs3852144=="G/G", 2,
ifelse(data$rs3852144=="A/G", 1,
ifelse(data$rs3852144=="A/A", 0, data$rs3852144)))
###Check whether recoding worked out
cbind (data$rs3852144, data$additive_coding)
summary(data$additive_coding)
data$additive_coding <- as.numeric(data$additive_coding)
str(data$additive_coding)
###########################
### Single SNP analyses ###
###########################
### Test whether full or reduced model shows better fit and use model with smaller AIC subsequently
model.full <- glm(PTSD_LIFE_DSMIV~SumEventTypesLife*additive_coding+batch, data=data, family="binomial")
model.reduced <- glm(PTSD_LIFE_DSMIV~SumEventTypesLife+additive_coding+batch, data=data, family="binomial")
AIC(model.full)
AIC(model.reduced)
summary(model.reduced)
Anova(model.reduced, test = "LR")
### Note:
### Analysis of Deviance Table (Type II tests) contains the columns LR, Chisq Df, and Pr(>Chisq) reported in the manuscript
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##########
### Plot ###
##########
xx <- seq(1, max(data$SumEventTypesLife, na.rm=TRUE))
newdata <- data.frame(SumEventTypesLife=rep(xx,3), additive_coding=rep(c(0, 1, 2), times=rep(max(xx), 3)))
newdata
model.reduced.plot <- glm(PTSD_LIFE_DSMIV~SumEventTypesLife+additive_coding, data=data, family="binomial")
prediction <- predict(model.reduced.plot, newdata=newdata, type="response")
tiff("Additive_model_rs3852144.tiff", width=3000, height=3000, res=400)
par(mai=c(2,1,1,1))
plot(xx, prediction[newdata$additive_coding==0], type="o", pch=21, bg="black", xlab="Number of Traumatic Event Types", cex.lab=
1.2, ylab="P(Lifetime PTSD)", ylim=c(0,1), main="Additive model rs3852144")
points(xx, prediction[newdata$additive_coding==1], type="o", pch=21, bg="grey")
points(xx, prediction[newdata$additive_coding==2], type="o", pch=21, bg="white")
legend(x="bottomright", pch=21, lty=1, pt.bg=c("black", "grey", "white"), cex= 1.2, legend=c("A/A (N = 448)", "A/G (N = 388)", "G/G
(N = 87)"))
dev.off()
################################
### Calculate Cronbach's Alpha ###
################################
alpha(data[,c("PDS1", "PDS2", "PDS3", "PDS4", "PDS5", "PDS6", "PDS7", "PDS8", "PDS9", "PDS10",
"PDS11", "PDS12", "PDS13", "PDS14", "PDS15", "PDS16", "PDS17")], check.keys=T)
###########
### END ###
###########
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rm(list=ls())
##########################################################################
###
R script to perform single SNP analyses in the Ugandan sample
###
### Replication attempt of single SNP analyses results in Rwandan genocide survivors ###
###
This script provides the code exemplary for SNP rs3852144
###
###
Sarah Wilker, Anna Schneider, Daniela Conrad
###
##########################################################################
### Load necessary packages
library(car)
library(GenABEL)
library(psych)
#####################
### Read in data files ###
#####################
### Read in SNP files
### Note:
### Each SNP file contains the following information obtained from the UCSC genome browser:
### #bin, chrom, chromStart, chromEnd, name, score, strand, observed, rsId
SNP_chr5 <- as.character(read.table("chr5_sig_SNP.txt", sep="\t", comment.char="", header=TRUE)[,"rsId"])
### Read in previously generated GenABEL-object containing phenotypic and genetic data of your study sample
load(file="replication_data_file.Rdata")
### Select entries for SNP found suggestively significant in previous GWAS
index <- rep(TRUE, nrow(phdata(replication_data_file)))
gene <- replication_data_file[index, SNP_chr5[SNP_chr5 %in% snpnames(replication_data_file)]]
summary(gene)
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#####################
### Data preparation ###
#####################
### Prepare dataset and check for missing values
### Note:
### Similar to the discovery_data_file the PTSD_LIFE_DSMIV-variable is binary coded: 0 = no lifetime PTSD diagnosis, 1 = lifetime
PTSD diagnosis
### Similar to the discovery_data_file the SumEventTypesLife-variable is defined as the number of different traumatic event types
experienced ("traumatic load")
data <- phdata(replication_data_file)
data$rs3852144 <- as.character(gene@gtdata[,"rs3852144"])
data <- data [!is.na(data$PTSD_LIFE_DSMIV),]
data <- data [!is.na(data$SumEventTypesLife),]
### Prepare individual SNP data
data <- data [!is.na(data$rs3852144),]
summary(data$rs3852144)
### Generate new variable coding the genotype groups in an additive manner (similar coding as for the discovery_data)
data$additive_coding <- ifelse(data$rs3852144=="G/G", 2,
ifelse(data$rs3852144=="A/G", 1,
ifelse(data$rs3852144=="A/A", 0, data$rs3852144)))
### Check whether recoding worked out
cbind (data$rs3852144, data$additive_coding)
summary(data$additive_coding)
data$additive_coding <- as.numeric(data$additive_coding)
str(data$additive_coding)
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#########################################
### Replication of single SNP analyses results ###
#########################################
#### Define similar model as used for the discovery_data
model.reduced <- glm(PTSD_LIFE_DSMIV~SumEventTypesLife+additive_coding, data=data, family="binomial")
summary(model.reduced)
Anova(model.reduced, test = "LR")
### Note:
### Analysis of Deviance Table (Type II tests) contains the columns LR, Chisq Df and Pr(>Chisq) reported in the manuscript
###########
### Plot ###
###########
xx <- seq(1,max(data$SumEventTypesLife,na.rm=TRUE))
newdata <- data.frame(SumEventTypesLife=rep(xx,3), additive_coding=rep(c(0, 1, 2), times=rep(max(xx), 3)))
newdata
prediction <- predict(model.reduced,newdata=newdata, type="response")
par(mai=c(2,1,1,1))
plot(xx, prediction[newdata$additive_coding==0], type="o", pch=21, bg="black", xlab="Number of Traumatic Event Types", cex.lab=
1.2, ylab="P(Lifetime PTSD)", ylim=c(0,1), main="Additive model rs3852144")
points(xx, prediction[newdata$additive_coding==1], type="o", pch=21, bg="grey")
points(xx, prediction[newdata$additive_coding==2], type="o", pch=21, bg="white")
legend(x="bottomright", pch=21, lty=1, pt.bg=c("black","grey", "white"), cex= 1.2, legend=c("A/A (N = 202)", "A/G (N = 140)", "G/G
(N = 28)"))
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##############################
### Calculate Cronbach's Alpha ###
##############################
alpha(data[,c("PDS1", "PDS2", "PDS3", "PDS4", "PDS5", "PDS6", "PDS7", "PDS8", "PDS9", "PDS10",
"PDS11", "PDS12", "PDS13", "PDS14", "PDS15", "PDS16", "PDS17")], check.keys=T)
###########
### END ###
###########
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rm(list=ls()); gc(); options(stringAsFactors=F)
##########################################################################
###
R script to perform single SNP analyses in the Ugandan sample
###
### R script to test for associations of SNP rs3852144 (chr 5) with memory performance ###
###
Sarah Wilker, Anna Schneider, Daniela Conrad
###
##########################################################################
### Load necessary packages
library(shape); library(beeswarm)
#####################
### Read in data files ###
#####################
data_fMRI <- readRDS("data_fMRI_all_IAPS_ULM.rds")
data_EEG <- readRDS("data_EEG_all_IAPS_ULM.rds")
# Data dimensions prior to missing data exclusion
dim(data_EEG)
dim(data_fMRI)
#####################
### Data preparation ###
#####################
### Prepare dataset and check for missing values
### Note:
### The iaps_neu_day1_1-variable is defined as the short delay of picture set 1 at day 1
### 1. Phenotypic data
### Negative pictures
dim(data_EEG[!is.na(data_EEG$iaps_neg_day1_1),])
data_EEG_PHENOS <- data_EEG[!is.na(data_EEG$iaps_neg_day1_1),]
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dim(data_fMRI[!is.na(data_fMRI$iaps_neg_day1_1),])
data_fMRI_PHENOS <- data_fMRI[!is.na(data_fMRI$iaps_neg_day1_1),]
### Neutral pictures
dim(data_EEG[!is.na(data_EEG$iaps_neu_day1_1),])
dim(data_fMRI[!is.na(data_fMRI$iaps_neu_day1_1),])
### Positive pictures
dim(data_EEG[!is.na(data_EEG$iaps_pos_day1_1),])
dim(data_fMRI[!is.na(data_fMRI$iaps_pos_day1_1),])
### 2. Genotypic data
dim(data_EEG_PHENOS[!is.na(data_EEG_PHENOS$rs3852144),])
data_EEG_GENOS_rs3852144 <- data_EEG_PHENOS[!is.na(data_EEG_PHENOS$rs3852144),]
dim(data_fMRI_PHENOS[!is.na(data_fMRI_PHENOS$rs3852144),])
data_fMRI_GENOS_rs3852144 <- data_fMRI_PHENOS[!is.na(data_fMRI_PHENOS$rs3852144),]
### Check data dimensions after exclusion
dim(data_EEG_GENOS_rs3852144)
dim(data_fMRI_GENOS_rs3852144)
### Regress out potential confounding effects and reduce datasets for later row-wise binding
### EEG data
data_EEG_FINAL <- data_EEG_GENOS_rs3852144
data_EEG_FINAL$myres_IAPS_POS_DAY_1 <- scale(lm(iaps_pos_day1_1 ~ factor(Sex) + Age + factor(Batch_Genetic), data=
data_EEG_FINAL)$residuals)
data_EEG_FINAL$myres_IAPS_NEU_DAY_1 <- scale(lm(iaps_neu_day1_1 ~ factor(Sex) + Age + factor(Batch_Genetic), data=
data_EEG_FINAL)$residuals)
data_EEG_FINAL$myres_IAPS_NEG_DAY_1 <- scale(lm(iaps_neg_day1_1 ~ factor(Sex) + Age + factor(Batch_Genetic), data=
data_EEG_FINAL)$residuals)
data_EEG_FINAL$centre <- "EEG"
head(data_EEG_FINAL[1:20,])
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EEG_FINAL <- data_EEG_FINAL[,c("Sex", "rs3852144", "myres_IAPS_NEG_DAY_1", "myres_IAPS_POS_DAY_1",
"myres_IAPS_NEU_DAY_1", "centre")]
### fMRI data
data_fMRI_FINAL <- data_fMRI_GENOS_rs3852144
data_fMRI_FINAL$myres_IAPS_NEG_DAY_1 <- scale(lm(iaps_neg_day1_1 ~ factor(Sex) + Age + factor(Batch_Genetic) +
factor(Batch_iaps_freerecall), data= data_fMRI_FINAL)$residuals)
data_fMRI_FINAL$myres_IAPS_POS_DAY_1 <- scale(lm(iaps_pos_day1_1 ~ factor(Sex) + Age + factor(Batch_Genetic) +
factor(Batch_iaps_freerecall), data= data_fMRI_FINAL)$residuals)
data_fMRI_FINAL$myres_IAPS_NEU_DAY_1 <- scale(lm(iaps_neu_day1_1 ~ factor(Sex) + Age + factor(Batch_Genetic) +
factor(Batch_iaps_freerecall), data= data_fMRI_FINAL)$residuals)
data_fMRI_FINAL$centre <- "fMRI"
head(data_fMRI_FINAL[1:20,])
fMRI_FINAL <- data_fMRI_FINAL[,c("Sex", "rs3852144", "myres_IAPS_NEG_DAY_1", "myres_IAPS_POS_DAY_1",
"myres_IAPS_NEU_DAY_1", "centre")]
### rbind datasets
EEG_fMRI <- rbind(EEG_FINAL, fMRI_FINAL)
head(EEG_fMRI)
table(EEG_fMRI$Sex)
table(EEG_fMRI$rs3852144)
table(EEG_fMRI$centre)
###############################
###
Regression analyses for ###
### EEG + fMRI cohort combined ###
###############################
### Make sure that genotype coding is the same as for the discovery_data and replication_data
table(EEG_fMRI$rs3852144)
str(EEG_fMRI$rs3852144)
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### Negative pictures
model_neg_combined <- glm(myres_IAPS_NEG_DAY_1 ~ scale(rs3852144), data=EEG_fMRI, family="gaussian")
summary(model_neg_combined)
### Note: The summary statistics contain the columns Estimate, Std. Error, t value and Pr(>|t|) reported in the manuscript
### Positive pictures
model_pos_combined <- glm(myres_IAPS_POS_DAY_1 ~ scale(rs3852144), data=EEG_fMRI, family="gaussian")
summary(model_pos_combined)
### Neutral pictures
model_neu_combined <- glm(myres_IAPS_NEU_DAY_1 ~ scale(rs3852144), data=EEG_fMRI, family="gaussian")
summary(model_neu_combined)
###########
### Plot ###
###########
table(EEG_fMRI$rs3852144)
tiff("beeswarm_neg_day_1_1_EEG_fMRI.tiff", width=10000, height=3000, res=400)
par(mar = c(7,10,4,2) + 0.1, mgp=c(4,1,0))
beeswarm(myres_IAPS_NEG_DAY_1 ~ rs3852144, data=EEG_fMRI, main="Beeswarm Plot", labels=c("G/G (N = 372)", "A/G (N =
1283)", "A/A (N = 1043)"), xlab=" \n Genotype groups", ylab=" \n Recalled negative pictures (z-standardized)", method="swarm",
cex.main=2, cex.lab=2, cex.axis=2)
bxplot(myres_IAPS_NEG_DAY_1 ~ rs3852144, data=EEG_fMRI, family="gaussian", add = TRUE)
dev.off
### Check for centre effects
model_centre_neg <- glm(myres_IAPS_NEG_DAY_1 ~ rs3852144*centre, data=EEG_fMRI, family="gaussian")
summary(model_centre_neg)
model_centre_pos <- glm(myres_IAPS_POS_DAY_1 ~ rs3852144*centre, data=EEG_fMRI, family="gaussian")
summary(model_centre_pos)
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model_centre_neu <- glm(myres_IAPS_NEU_DAY_1 ~ rs3852144*centre, data=EEG_fMRI, family="gaussian")
summary(model_centre_neu)
###########################
### Regression analyses for ###
###
EEG cohort only
###
###########################
### Negative pictures
model_neg_EEG <- glm(myres_IAPS_NEG_DAY_1 ~ rs3852144, data=EEG_fMRI[EEG_fMRI$centre=="EEG",],
family="gaussian")
summary(model_neg_EEG)
### Positive pictures
model_pos_EEG <- glm(myres_IAPS_POS_DAY_1 ~ rs3852144, data=EEG_fMRI[EEG_fMRI$centre=="EEG",],
family="gaussian")
summary(model_pos_EEG)
### Neutral pictures
model_neu_EEG <- glm(myres_IAPS_NEU_DAY_1 ~ rs3852144, data=EEG_fMRI[EEG_fMRI$centre=="EEG",],
family="gaussian")
summary(model_neu_EEG)
###########################
### Regression analyses for ###
###
fMRI cohort only
###
###########################
### Negative pictures
model_neg_fMRI <- glm(myres_IAPS_NEG_DAY_1 ~ scale(rs3852144), data=EEG_fMRI[EEG_fMRI$centre=="fMRI",],
family="gaussian")
summary(model_neg_fMRI)
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### Positive pictures
model_pos_fMRI <- glm(myres_IAPS_POS_DAY_1 ~ scale(rs3852144), data=EEG_fMRI[EEG_fMRI$centre=="fMRI",],
family="gaussian")
summary(model_pos_fMRI)
### Neutral pictures
model_neu_fMRI <- glm(myres_IAPS_NEU_DAY_1 ~ scale(rs3852144), data=EEG_fMRI[EEG_fMRI$centre=="fMRI",],
family="gaussian")
summary(model_neu_fMRI)
###########
### Plot ###
###########
table(EEG_fMRI[EEG_fMRI$centre=="fMRI",]$rs3852144)
tiff("beeswarm_neg_day_1_fMRI.tiff", width=10000, height=5000, res=500)
par(mar = c(7,10,4,2) + 0.1, mgp=c(4,1,0))
beeswarm(myres_IAPS_NEG_DAY_1 ~ rs3852144, data=EEG_fMRI[EEG_fMRI$centre=="fMRI",], main="Beeswarm Plot",
labels=c("G/G (N = 159)", "A/G (N = 537)", "A/A (N = 422)"), xlab=" \n Genotype groups", ylab=" \n Recalled negative pictures (zstandardized)", method="swarm", cex.main=2, cex.lab=2, cex.axis=2)
bxplot(myres_IAPS_NEG_DAY_1 ~ rs3852144, data=EEG_fMRI[EEG_fMRI$centre=="fMRI",], family="gaussian", add = TRUE)
dev.off
###########
### END ###
###########
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rm(list=ls())
########################################################################
###
R script to perform single SNP analyses in the Ugandan sample
###
### R script to test for associations of SNP rs3852144 (chr 5) with therapy response ###
###
Sarah Wilker, Anna Schneider, Daniela Conrad
###
########################################################################
### Load necessary packages
library(GenABEL)
library(nlme)
library(sciplot)
library(multcomp)
library(phia)
library(effects)
library(lsmeans)
library(AICcmodavg)
library(ggplot2)
library(effsize)
library(psych)
#####################
### Read in data files ###
#####################
### Read in SNP files
### Note:
### Each SNP file contains the following information obtained from the UCSC genome browser:
### #bin, chrom, chromStart, chromEnd, name, score, strand, observed, rsId
SNP_chr5 <- as.character(read.table("chr5_sig_SNP.txt",sep="\t", comment.char="", header=TRUE)[,"rsId"])
### Read in previously generated GenABEL-object containing phenotypic and genetic data of your study sample
load(file="therapy_data_file.Rdata")
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### Select entries for SNPs found suggestively significant in previous GWAS
index <- rep(TRUE, nrow(phdata(therapy_data_file))) # alle VPs
gene <- therapy_data_file[index,SNP_chr5[SNP_chr5 %in% snpnames(therapy_data_file)]]
summary(gene)
#####################
### Data preparation ###
#####################
### Prepare dataset and check for missing values
### Note:
### Similar to the discovery_data_file the SumEventTypesLife-variable is defined as the number of different traumatic event types
experienced ("traumatic load")
data <- phdata(therapy_data_file)
data$rs3852144 <- as.character(gene@gtdata[,"rs3852144"])
data$batch <- as.factor(data$batch)
data <- data [!is.na(data$SumEventTypesLife_t1),] # none
### Note:
### Missing values in the dependent variable are not problematic in lme-models as long as not the same individuals present with
more than one missing value
data_missing_t1 <- data[!is.na(data$SUM_PDS_t1),]
data_missing_t2 <- data[!is.na(data$SUM_PDS_t2),]
data_missing_t3 <- data[!is.na(data$SUM_PDS_t3),]
### Prepare individual SNP data
data <- data [!is.na(data$rs3852144),]
summary(data$rs3852144)
### Generate new variable coding the genotype groups in an additive manner (similar coding as for the discovery_data and
replication_data)
data$additive_coding <- ifelse(data$rs3852144=="G/G",2,
ifelse(data$rs3852144=="A/G",1,
ifelse(data$rs3852144=="A/A",0,data$rs3852144)))
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###Check whether recoding worked out
cbind (data$rs3852144, data$additive_coding)
summary(data$additive_coding)
data$additive_coding <- as.numeric(data$additive_coding)
str(data$additive_coding)
##### Restructuring data for lme calculations
data.long.chr5 <- reshape(data, direction = "long",
varying =c("SUM_PDS_t1", "SUM_PDS_t2", "SUM_PDS_t3" ),
idvar="index_Therapystudy", ids="index_Therapystudy",
v.names="PDS_Score", times=c("t1", "t2", "t3"))
data.long.chr5$time <- as.factor(data.long.chr5$time)
data.long.chr5$sex <- as.factor(data.long.chr5$sex)
###############################
##### Linear mixed effect model ####
###############################
#######################
### Model comparisons ###
#######################
### Before testing the model, test whether random slope improves model fit
model.random.intercept <- lme(PDS_Score ~ time, random=~1|index_Therapystudy,
data=data.long.chr5, na.action=na.omit, method="ML")
model.random.slope <- lme(PDS_Score~time, random=~time|index_Therapystudy,
data=data.long.chr5, na.action=na.omit, method="ML", control = lmeControl(opt = "optim"))
anova(model.random.intercept, model.random.slope)
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#### Test for associations of SNP rs3852144 with lifetime PTSD risk including the same covariates as in the GWAS and single
SNP analyses
model <- lme (PDS_Score~time*additive_coding+SumEventTypesLife+batch,
random=~1|index_Therapystudy, data=data.long.chr5,
na.action=na.omit, method="ML",
correlation=corSymm(form=~1|index_Therapystudy))
summary(model)
anova(model, type="marginal")
# Note:
# Analysis of Deviance Table contains columns numDF, denDF, F-value, and p-value reported in the manuscript
###################################################################
### Planned linear hypothesis to follow-up significant time*genotype interaction ###
###################################################################
K_add_interaction <- rbind (c(0,0,0,0,0,0,0,1,0),
c(0,0,0,0,0,0,0,0,1),
c(0,0,0,0,0,0,0,-1,1))
dimnames(K_add_interaction) <- list(c("add: t1-t2",
"add : t1-t3",
"add : t2-t3"),
names(fixef(model)))
summary(glht(model,linfct=K_add_interaction), test=adjusted("holm"))
###################################################################
### Perform permutation tests as model residuals are non-normally distributed ###
### Exemplary described for the interaction effect, but done for all effects
###
###################################################################
shapiro.test(residuals(model))
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### Permutation Interaction effect
p.old <- .0173
n.perm <- 10000
perm.test <- data.frame(matrix(NA, n.perm, ncol=0))
for (ii in 1:n.perm) {
set.seed(ii)
PDS_Score.new <- sample (data.long.chr5$PDS_Score)
model.new <- lme (PDS_Score.new~time*additive_coding+SumEventTypesLife_t1+batch,
random=~1|index_Therapystudy, data=data.long.chr5,
na.action=na.omit, method="ML",
correlation=corSymm(form=~1|index_Therapystudy))
anova <- anova(model.new)
perm.test$pvalue.anova.new[ii] <- anova [6,4]
}
p.perm <- sum (perm.test$pvalue.anova.new <= p.old)/n.perm
p.perm ### 0.0182
###########
### Plot ###
###########
par(mai=c(2,1,1,1))
lineplot.CI(x.factor=data.long.chr5$time, response=data.long.chr5$PDS_Score, group=data.long.chr5$additive_coding, lwd=2,
legend=TRUE, xlab="Time", ylab="PDS Score", ylim = c(0, 20), col = c("black","grey20", "grey66"), lty = c(1,2,2), pch = c(16,16,16),
cex=1.2, main="Additive model rs3852144")
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abline (a=0, b=0, col= "gray60")
abline (a=2.5, b=0, col= "gray60")
abline (a=5, b=0, col= "gray60")
abline (a=7.5, b=0, col= "gray60")
abline (a=10, b=0,col= "gray60")
abline (a=12.5, b=0, col= "gray60")
abline (a=15, b=0, col= "gray60")
abline (a=17.5, b=0, col= "gray60")
abline (a=20, b=0, col= "gray60")
legend(x="topright", bg="white", col = c("grey66","grey20","black"), lty = c(2,2,1), pch = c(16,16,16), legend=c("G/G (N = 10)", "A/G
(N = 36)", "A/A (N = 44)"), title = "rs3852144 Genotypes")
##########################
### Supplementary Table 5 ###
##########################
###PTSD diagnosis
sum(data[data$additive_coding==2,]$PTSD_current_DSMIV_yn_t1,na.rm=T)
sum(data[data$additive_coding==2,]$PTSD_current_DSMIV_yn_t2,na.rm=T)
sum(data[data$additive_coding==2,]$PTSD_current_DSMIV_yn_t3,na.rm=T)
sum(data[data$additive_coding==1,]$PTSD_current_DSMIV_yn_t1,na.rm=T)
sum(data[data$additive_coding==1,]$PTSD_current_DSMIV_yn_t2,na.rm=T)
sum(data[data$additive_coding==1,]$PTSD_current_DSMIV_yn_t3,na.rm=T)
sum(data[data$additive_coding==0,]$PTSD_current_DSMIV_yn_t1,na.rm=T)
sum(data[data$additive_coding==0,]$PTSD_current_DSMIV_yn_t2,na.rm=T)
sum(data[data$additive_coding==0,]$PTSD_current_DSMIV_yn_t3,na.rm=T)
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###################################################################
###
Supplementary Table 6
###
### Comparison of PDS-symptom scores between genotypes at t1, t2 and t3
###
###
and calculation of effect sizes of symptom change
###
###################################################################
my.variables <- data[,c("SUM_PDS_t1", "SUM_PDS_t2", "SUM_PDS_t3")]
table.means <- data.frame(matrix(NA,length(my.variables),ncol=0))
sig.table <- data.frame(matrix(NA, length(my.variables), ncol=0))
for (ii in 1:ncol(my.variables)) {
table.means$variable[ii] <- names(my.variables[ii])
table.means$mean_sd_G_G[ii] <- paste (round(mean(my.variables[data$additive_coding == 2,ii], na.rm=T),2), " (",
round(sd(my.variables[data$additive_coding == 2,ii] , na.rm=T),2), ")", sep="")
table.means$mean_sd_A_G[ii] <- paste (round(mean(my.variables[data$additive_coding == 1,ii], na.rm=T),2), " (",
round(sd(my.variables[data$additive_coding == 1,ii] , na.rm=T),2), ")", sep="")
table.means$mean_sd_A_A[ii] <- paste (round(mean(my.variables[data$additive_coding == 0,ii], na.rm=T),2), " (",
round(sd(my.variables[data$additive_coding == 0,ii] , na.rm=T),2), ")", sep="")
}
###########
### t1:t3 ###
###########
data$change_t1_t3 <- data$SUM_PDS_t1-data$SUM_PDS_t3
summary(data)
### G/G genotype
mean(data[data$additive_coding == 2,]$change_t1_t3)
round(sd(data[data$additive_coding == 2,]$change_t1_t3), 2)
effect <- cohen.d(data[data$additive_coding==2,]$SUM_PDS_t1, data[data$additive_coding==2,]$SUM_PDS_t3)
round(effect$estimate,2)
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### A/G genotype
mean(data[data$additive_coding == 1,]$change_t1_t3)
round(sd(data[data$additive_coding == 1,]$change_t1_t3), 2)
effect <- cohen.d(data[data$additive_coding==1,]$SUM_PDS_t1, data[data$additive_coding==1,]$SUM_PDS_t3)
round(effect$estimate,2)
### A/A genotype
mean(data[data$additive_coding == 0,]$change_t1_t3, na.rm=T)
round(sd(data[data$additive_coding == 0,]$change_t1_t3, na.rm = T), 2)
effect <- cohen.d(data[data$additive_coding==0,]$SUM_PDS_t1, data[data$additive_coding==0,]$SUM_PDS_t3,na.rm = T)
round(effect$estimate,2)
###########
### t1:t2 ###
###########
data$change_t1_t2 <- data$SUM_PDS_t1-data$SUM_PDS_t2
summary(data)
### G/G genotype
mean(data[data$additive_coding == 2,]$change_t1_t2)
round(sd(data[data$additive_coding == 2,]$change_t1_t2), 2)
effect <- cohen.d(data[data$additive_coding==2,]$SUM_PDS_t1, data[data$additive_coding==2,]$SUM_PDS_t2)
round(effect$estimate,2)
### A/G genotype
mean(data[data$additive_coding == 1,]$change_t1_t2)
round(sd(data[data$additive_coding == 1,]$change_t1_t2), 2)
effect <- cohen.d(data[data$additive_coding==1,]$SUM_PDS_t1, data[data$additive_coding==1,]$SUM_PDS_t2)
round(effect$estimate,2)
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### A/A genotype
mean(data[data$additive_coding == 0,]$change_t1_t2, na.rm=T)
round(sd(data[data$additive_coding == 0,]$change_t1_t2, na.rm = T), 2)
effect <- cohen.d(data[data$additive_coding==0,]$SUM_PDS_t1, data[data$additive_coding==0,]$SUM_PDS_t2,na.rm = T)
round(effect$estimate,2)
###########
### t2:t3 ###
###########
data$change_t2_t3 <- data$SUM_PDS_t2-data$SUM_PDS_t3
summary(data)
### G/G genotype
mean(data[data$additive_coding == 2,]$change_t2_t3)
round(sd(data[data$additive_coding == 2,]$change_t2_t3), 2)
effect <- cohen.d(data[data$additive_coding==2,]$SUM_PDS_t2, data[data$additive_coding==2,]$SUM_PDS_t3)
round(effect$estimate,2)
### A/G genotype
mean(data[data$additive_coding == 1,]$change_t2_t3)
round(sd(data[data$additive_coding == 1,]$change_t2_t3), 2)
effect <- cohen.d(data[data$additive_coding==1,]$SUM_PDS_t2, data[data$additive_coding==1,]$SUM_PDS_t3)
round(effect$estimate,2)
### A/A genotype
mean(data[data$additive_coding == 0,]$change_t2_t3, na.rm=T)
round(sd(data[data$additive_coding == 0,]$change_t2_t3, na.rm = T), 2)
effect <- cohen.d(data[data$additive_coding==0,]$SUM_PDS_t2, data[data$additive_coding==0,]$SUM_PDS_t3,na.rm = T)
round(effect$estimate,2)
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###########################################################
###
Supplementary Table 7
###
### Test for differences in variable means other than genotype at t1 ###
###
to exclude their influence on therapy response
###
###########################################################
names(data)
my.variables <- data[,c("age_t1","SumEventTypesLife_t1",
"SUM_PDS_t1", "SUM_PDS_I_t1",
"SUM_PDS_A_t1", "SUM_PDS_H_t1",
"HSCL_D_t1")]
my.variables$HSCL_D_t1 <- as.numeric(gsub("," , ".", data$HSCL_D_t1))
table <- data.frame(matrix(NA,length(my.variables),ncol=0))
for (ii in 1:nrow(table)) {
table$variable[ii] <- names(my.variables[ii])
table$mean_sd_G_G[ii] <- paste (round(mean(my.variables[data$additive_coding==2,ii] , na.rm=T),2), " (",
round(sd(my.variables[data$additive_coding==2,ii], na.rm=T),2), ")", sep="")
table$mean_sd_A_G_Allele[ii] <- paste (round(mean(my.variables[data$additive_coding==1,ii] , na.rm=T),2), " (",
round(sd(my.variables[data$additive_coding==1,ii], na.rm=T),2), ")", sep="")
table$mean_sd_A_A_Allele[ii] <- paste (round(mean(my.variables[data$additive_coding==0,ii] , na.rm=T),2), " (",
round(sd(my.variables[data$additive_coding==0,ii], na.rm=T),2), ")", sep="")
my.test <- lm (my.variables [,ii]~additive_coding, data=data)
table$shapiro.p [ii] <- round(shapiro.test (residuals(my.test))$p.value,4)
table$shapiro.crit [ii] <- shapiro.test (residuals(my.test))$p.value < 0.05
anova <- round(unlist(summary(aov(my.variables[,ii]~data$additive_coding))),2)
table$anova[ii] <- paste ("F(",anova["Df1"], ",", anova["Df2"],")=", anova["F value1"], "; p=", anova["Pr(>F)1"], sep="")
kruskal <- kruskal.test(my.variables[,ii]~data$additive_coding)
table$kruskal[ii] <- paste ("H(", kruskal["parameter"], ")=", kruskal["statistic"], "; p=", kruskal["p.value"], sep="")
}
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###Gender
sum(data[data$additive_coding==2,]$sex==0,na.rm=T)
sum(data[data$additive_coding==1,]$sex==0,na.rm=T)
sum(data[data$additive_coding==0,]$sex==0,na.rm=T)
fisher.test(data$sex,data$additive_coding)
##############################
### Calculate Cronbach's Alpha ###
##############################
alpha(data[,c("PDS1_t1", "PDS2_t1", "PDS3_t1", "PDS4_t1", "PDS5_t1", "PDS6_t1", "PDS7_t1", "PDS8_t1", "PDS9_t1",
"PDS10_t1", "PDS11_t1", "PDS12_t1", "PDS13_t1", "PDS14_t1", "PDS15_t1", "PDS16_t1", "PDS17_t1")], check.keys=T)
###########
### END ###
###########
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Supplementary Table 3.1.
Overview of the 10 most frequently experienced events in the Ugandan discovery and Rwandan replication sample.
Ugandan discovery sample
(N = 924)
Event description
Frequency
of exposure
(N, %)
Been close to a combat
860, 93.07
situation
Witnessed beatings or
844, 91.34
torture
Witnessed friend or family 799, 86.47
member having lifethreatening illness
Witnessed abduction or
783, 84.74
1
recruitment by force

Rwandan replication sample
(N = 371)
Event description
Frequency
of exposure
(N, %)
Seen mutilations or dead 308, 83.02
bodies
Witness beatings or
297, 80.05
torture
Witnessed someone
281, 75.74
being severely injured by
weapon
Been close to shelling or 247, 66.58
bomb attack

5.

Witnessed road accident

767, 83.01

244, 65.77

6.

Been close to burning
houses
Witnessed threat by
weapon

753, 81.49

Witness harassment by
armed personnel
Been close to crossfire
or shooting of snipers
Been close to burning
houses

Witnessed someone
being severely injured by
weapon
Been close to crossfire or
shooting of snipers

751, 81.28

Been harassed by
armed personnel

208, 56.06

743, 80.41

Witness the killing or
murder of someone

199, 53.64

Been close to shelling or
bomb attack

743, 80.41

Witness severe accident

199, 53.64

No.
1.
2.
3.
4.

7.
8.
9.
10.

751, 81.28
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234, 63.07
229, 61.73

Ugandan therapy sample
(N = 90)
Event description
Frequency of
exposure
(N, %)
Been close to a combat 86, 95.56
situation
Been close to burning
83, 92.22
houses
Witnessed beatings or
82, 91.11
torture
Witnessed friend or
family member having
life-threatening illness
Witnessed threat by
weapon
Witnessed road
accident
Experienced
unexpected death of
someone close
Suffered from lifethreatening illness or
injury
Witnessed other kind of
severe accident (not
road accidents)
Been close to crossfire
or shooting of snipers

80, 88.89
74, 82.22
73, 81.11
72, 80.00
72, 80.00
72, 80.00
72, 80.00
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Supplementary Table 3.2.
Overview of statistical tests conducted in each sample and variables included.
Sample

Statistical model

Dependent variable

Independent variable(s)

Covariates

Ugandan discovery

Logistic regression

PTSD lifetime diagnosis

Genotype (additive effect)

Traumatic load

sample

model

Sex
Age
Genotyping-batch

Rwandan replication

Logistic regression

sample

model

Ugandan therapy sample

Linear mixed effect

PTSD lifetime diagnosis

Genotype (additive effect)

Traumatic load

PTSD symptom severity

Genotype (additive effect)

Traumatic load

Time

Genotyping-batch

model

Genotype (additive effect) ×
Time
Healthy Swiss sample

Linear regression

Number of memorized

model

negative/positive/neutral

Genotype (additive effect)

none1

pictures
Note: PTSD = Posttraumatic Stress Disorder
1

To avoid potential confounding of the analyses of the healthy Swiss sample by age, sex and batch and change of the

environmental condition in the fMRI study, the respective effects were regressed out.
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Supplementary Table 3.3.
Detailed information on the SNPs separately tested in each sample.
Sample

SNP

Non-missing data samples

Minor allele frequencya

Hardy-Weinberg
equilibriumb

Ugandan discovery sample

chr 2, rs570877

N = 924

0.21

p = .59

chr 3, rs6773270

N = 915

0.23

p = .92

chr 3, rs6798512

N = 921

0.23

p = .97

chr 5, rs3852144*

N = 923

0.30

p = .82

chr 5, rs7700424

N = 916

0.39

p = .74

chr 6, rs2237110

N = 915

0.31

p = .16

chr 13, rs2892713

N = 911

0.12

p = .86

chr 2, rs570877

N = 371

0.20

p = .96

chr 3, rs6773270

N = 369

0.30

p = .86

chr 3, rs6798512

N = 369

0.30

p = .98

chr 5, rs3852144*

N = 370

0.27

p = .59

chr 5, rs7700424

N = 359

0.44

p = .87

chr 6, rs2237110

N = 370

0.28

p = .98

Ugandan therapy sample

chr 5, rs3852144*

N = 90

0.31

p = .53

Healthy Swiss sample

chr 5, rs3852144*

N = 2698

0.38

p = .47

Rwandan replication sample

c

Note: SNP = single nucleotide polymorphism
SNP rs3852144, which was associated with PTSD risk, therapy outcome and healthy memory is marked with an asterisk.
a

minor allele rs570877 = T; minor allele rs6773270 = G, minor allele rs6798512 = A, minor allele rs3852144 = G, minor allele rs7700424 = C, minor

allele rs2237110 = T, minor allele rs2892713 = T; b Chi-squares test results; c SNP rs2892713 could not be tested for replication in the Rwandan sample
as it did not meet the applied SNP quality control criteria in this cohort.
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Supplementary Table 3.4.
Comparison of results for suggestively significant GWAS SNPs with publicly available PTSD GWAS data

SNP

Lifetime PTSD GWAS results from Northern Ugandan

Lifetime PTSD GWAS results from publicly

rebel war survivors

available African American cohort

Allele 1

Allele 2

Effect Standard

(effect

P-value

Allele

error

Allele 2 Effect

1

allele)

Standard

P-value

error

(effect
allele)

rs570877 (chr 2)*

T

G

-4.649

0.144

3.341 × 10-6

T

G

0.005

0.045

.919

rs6773270 (chr 3)*

G

A

4.500

0.152

6.798 × 10-6

A

G

0.018

0.041

.655

0.152

9.830 × 10

-6

A

G

-0.018

0.041

.656

-6

A

G

0.011

0.037

.771

rs6798512 (chr 3)*

A

G

4.421

rs3852144 (chr 5)

G

A

-4.596

0.125

4.316 × 10

rs7700424 (chr 5)

C

T

4.433

0.126

9.280 × 10-6

T

C

-0.066

0.036

.064

rs2237110 (chr 6)

T

G

-4.561

0.124

5.092 × 10-6

T

G

-0.061

0.047

.192

0.174

-6

T

C

-0.039

0.060

.520

rs2892713 (chr 13)

T

C

-4.813

1.488 × 10

Note: The GWAS in the Northern Ugandan sample included traumatic load as a covariate, while the GWAS performed with the African
American sample did not. For SNPs rs6773270, rs3852144 and rs7700424 the effect allele in the Ugandan cohort is opposite to the
effect allele reported in the GWAS summary statistics provided by the Psychiatric Genomics Consortium. *Only SNPs rs570877,
rs6773270 and rs6798512 indicate a contrary effect in the two cohorts.
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Supplementary Table 3.5.
Number of participants with current PTSD diagnosis before therapy (t1), 4 months after therapy (t2) and at 10 months follow-up (t3),
separately displayed for genotype groups of rs3852144 in the Ugandan therapy sample.
SNP

Genotype

PTSD

PTSD

PTSD

diagnosed

diagnosed

diagnosed

individuals t1 individuals t2 individuals t3
rs3852144

G/G (N = 10)

10 (100.00 %)

7 (70.00 %)

1 (10.00 %)

A/G (N = 36)

36 (100.00 %)

7 (19.44 %)

10 (27.78 %)

A/A (N = 44)

44 (100.00 %)

12 (27.27 %)

16 (36.36 %)

Note: SNP = single nucleotide polymorphism; PTSD = posttraumatic stress disorder

170

SUPPLEMENTAL MATERIAL

Supplementary Table 3.6.
Mean and standard deviation of PDS scores before therapy (t1), 4-months after therapy (t2) and at 10-months follow up (t3).
SNP

rs3852144

Genotype

Mean (s.d.) PDS score

Change

Effect size Change

Effect size Change

Effect size

Score

Cohen’s D Score

Cohen’s D Score

Cohen’s D

t1 - t2c

t1 - t2d

t1 - t3c

t1 - t3d

t2 - t3c

t2 - t3d

0.65

- 8.60

2.05

- 5.10

0.99

t1

t2a

t3b

G/G

15.80

12.30

7.20

- 3.50

(N = 10)

(4.54)

(6.18)

(3.82)

(6.85)

A/G

16.69

6.92

7.08

- 9.78

(N = 36)

(4.59)

(5.26)

(5.81)

(5.25)

A/A

17.16

7.09

7.84

- 10.23

(N = 44)

(5.03)

(4.56)

(5.63)

(5.63)

(7.47)
1.98

- 9.61

(7.42)
1.84

(6.17)
2.10

- 9.26

+ 0.17

0.03

(6.92)
1.75

(6.54)

+ 0.71

0.15

(5.20)

Note: SNP = single nucleotide polymorphism; PDS = Posttraumatic Stress Diagnostic Scale
a

One individual was not found for the post-test 4-months after therapy.

b

One individual was not found for 10-months follow-up.

c

Change score describes the averaged difference in within-group PDS sum scores between pre-treatment and 4-months follow up,

pre-treatment and 10-months follow-up, and between 4- and 10-months follow up, respectively.
d

Cohen’s D describes the treatment effect size between pre-treatment and 4-months follow up, pre-treatment and 10-months follow-

up, and between 4- and 10-months follow up assessment calculated separately for each genotype group.
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Supplementary Table 3.7.
Demographic overview of rs3852144 genotype groups in the Ugandan therapy sample.

a

Statistica

P-value

30 (68)

Fisher’s exact test

p = .22

29.33 (7.27)

32.52 (10.16)

H(2) = 2.06

p = .36

37.50 (5.5)

36.28 (6.40)

37.48 (7.00)

F(1,88) = 0.14

p = .71

Mean number of sessions (s.d.)

11.9 (2.02)

11.31 (1.51)

12.27 (2.09)

H(2) = 1.25

p = .54

Mean PDS score (t1) (s.d.)

15.8 (4.54)

16.69 (4.59)

17.16 (5.03)

H(2) = 0.59

p = .74

Mean PDS intrusions score (t1) (s.d.)

3.90 (1.10)

4.50 (2.08)

5.02 (2.22)

F(1,88) = 2.92

p = .09

Mean PDS avoidance score (t1) (s.d.)

5.90 (2.81)

6.00 (1.82)

5.91 (2.09)

H(2) = 0.73

p = .70

Mean PDS hyperarousal score (t1) (s.d.)

6.00 (2.05)

6.19 (2.48)

6.23 (2.22)

H(2) = 0.10

p = .95

Mean HSCL-D score (t1) (s.d.)

2.32 (0.70)

2.32 (0.78)

2.47 (0.74)

H(2) = 0.59

p = .75

G/G

A/G

A/A

(N = 10)

(N = 36)

(N = 44)

N female (%)

7 (70)

18 (50)

Mean age (s.d.)

33.30 (10.72)

Mean traumatic load (s.d.)

One-way analysis of variance for continuous data if test residuals were normally distributed according to Shapiro Wilk’s W test;

Kruskal-Wallis H test for continuous, possibly tied data if residuals were not normally distributed; Fisher’s exact test for categorical
data; PDS = Posttraumatic Stress Diagnostic Scale; HSCL-D = Hopkins Symptom Checklist for Depression.

172

SUPPLEMENTAL MATERIAL

0.6
0.4
0.2

P(Lifetime PTSD)

0.8

1.0

Additive model rs570877

0.0

G/G (N = 578)
G/T (N = 309)
T/T (N = 37)
0

10

20

30

40

50

60

Number of Traumatic Event Types
Supplementary Figure 3.1. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs570877 (chromosome 2). Results show
a decreased risk for PTSD development after traumatic experiences with increasing
number of the minor T-allele.
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Supplementary Figure 3.2. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs2237110 (chromosome 6). Results show
a decreased risk for PTSD development after traumatic experiences with increasing
number of the minor T-allele.
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Supplementary Figure 3.3. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs2892713 (chromosome 13). Results
show a decreased risk for PTSD development after traumatic experiences with
increasing number of the minor T-allele.
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Supplementary Figure 3.4. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs6773270 (chromosome 6). Results
indicate an increased risk for PTSD development after traumatic experiences with
increasing number of the minor G-allele.
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Supplementary Figure 3.5. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs6798512 (chromosome 3). Results
indicate an increased risk for PTSD development after traumatic experiences with
increasing number of the minor A-allele.
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Supplementary Figure 3.6. Ugandan discovery sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs7700424 (chromosome 5). Results
indicate an increased risk for PTSD development after traumatic experiences with
increasing number of the minor C-allele.
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Supplementary Figure 3.7. Rwandan replication sample. Fitted probability values for
lifetime posttraumatic stress disorder (PTSD) as a function of traumatic load are plotted
separately for the three genotype groups of rs3852144 (chromosome 5). As in the
discovery sample, we see a decreased risk for PTSD development after traumatic
experiences with increasing number of the minor G-allele.
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Supplementary Figure 3.8. Ugandan therapy sample. Mean sum scores and standard
errors of the Posttraumatic Stress Diagnostic Scale (PDS) before therapy (t1), 4
months after therapy (t2) and at 10-months follow up (t3), separately displayed for the
three genotype groups of rs3852144 (chromosome 5). Post-hoc tests show a
significant effect of genotype on the change in PDS symptom score from before
treatment to the 4-months follow-up (comparison t1-t2), as well as between the 4- and
the 10-months follow-up (comparison t2-t3). However, the symptom change from pretreatment to the 10-months follow-up assessment (comparison t1-t3) was not
influenced by genotype. Descriptively we see that this effect seems to depend mainly
on the G/G-genotype group.
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Supplementary Table 4.1.
Detailed information on the three uncorrected significant SNPs from the initial candidate gene study, separately listed for each cohort.
Cohort

SNP

Non-

Genotype distribution

missing

Minor allele

Hardy-Weinberg

frequencya

equilibriumb

Ugandan

NOTCH2, rs17024559

N = 924

C/C: 12

G/C: 161

G/G: 751

0.10

p = .32

cohort

NOTCH2, rs17024564

N = 924

A/A:769

A/G: 147

G/G: 8

0.09

p = .74

NOTCH3, rs2074621*

N = 922

A/A: 98

G/A: 404

G/G: 420

0.33

p = .95

Rwandan

NOTCH2, rs17024559

N = 371

C/C: 6

G/C: 84

G/G: 281

0.13

p = .92

cohort

NOTCH2, rs17024564

N = 371

A/A:283

A/G: 82

G/G: 6

0.13

p = .98

NOTCH3, rs2074621*

N = 369

A/A: 94

G/A: 189

G/G: 86

0.49

p = .63

Note: SNP = single nucleotide polymorphism
* SNP rs2074621, which was associated with PTSD risk in the Ugandan cohort and replicated in the Rwandan cohort, is marked with
an asterisk.
a

minor allele rs17024559 = C; minor allele rs17024564 = G; minor allele rs2074621 = A (Ugandan cohort), respectively G (Rwandan

cohort)
b

Chi-squares test results
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Supplementary Table 4.2.
Demographic overview for genotype groups of NOTCH3-SNP rs2074621 for the Ugandan cohort.
G/G

G/A

A/A

Statistic

p-value

(N = 420)

(N = 404)

(N = 98)

N female (%)

226 (53.81)

221 (54.70)

53 (54.08)

Fisher’s exact testa

.97

Mean age (s.d.)

30.83 (10.94)

31.54 (10.67)

31.72 (10.10)

H(2) = 2.17b

.34

Mean traumatic load (s.d.)

26.83 (9.41)

26.00 (8.71)

25.74 (7.84)

F(2,919) = 1.15c

.32

a

Fisher’s exact test for count data

b

Kruskal-Wallis H test for continuous data, as model residuals were not normally distributed

c

One-way analysis of variance (ANOVA) for continuous data, as model residuals were normally distributed according to Shapiro

Wilk’s W test
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Supplementary Table 4.3.
Demographic overview for genotype groups of NOTCH3-SNP rs2074621 for the Rwandan cohort.
G/G

G/A

A/A

Statistic

p-value

(N = 86)

(N = 189)

(N = 94)

N female (%)

39 (45.35)

89 (47.09)

50 (53.19)

Fisher’s exact testa

.51

Mean age (s.d.)

34.78 (7.24)

34.56 (5.21)

34.77 (5.90)

H(2) = 0.25b

.88

Mean traumatic load (s.d.)

11.98 (4.80)

11.95 (5.27)

11.47 (5.34)

H(2) = 0.94b

.63

a

Fisher’s exact test for count data

b

Kruskal-Wallis H test for continuous data, as model residuals were not normally distributed
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Supplementary Table 4.4.
Results of gene-set enrichment replication analyses in the Rwandan cohort.
Database

Number of

Gene-set

MAGMA
Beta

Standardized Standard p-value

contained

corrected
beta

error

p-valuea

genes
NOTCH receptor processing

GO

12

0.219

0.006

0.256

.20

.31

NOTCH binding

GO

15

-0.038

-0.001

0.231

.57

.73

Note: Results are sorted by the decreasing p-value.
a

MAGMA-implemented empirical multiple testing correction based on a permutation procedure (10,000 permutations).
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