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Post-traumatic stress disorder (PTSD) is a psychiatric disorder often characterized by the 

unwanted re-experiencing of a traumatic event through nightmares, flashbacks, and/or intrusive 

memories. This thesis presents a neurocomputational model using the Adaptive control of 

Thought - Rational (ACT-R) cognitive architecture that simulates intrusive memory retrieval 

following a potentially traumatic event (PTE) and derives predictions about an individual’s 

recovery trajectory, neurological effects including changes in hippocampal volume and 

functional connectivity, and behavioral symptoms. Memory intrusions were captured in the 

ACT-R framework by weighting the prior probability of re-encoding a memory by an emotional 

intensity term I, which captures the degree to which an event was perceived as dangerous or 
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traumatic. A series of simulations were run in which the model performed memory retrieval 

under naturalistic conditions for up to two months after experiencing a simulated PTE. It was 

found that I had a significant effect on the probability of experiencing traumatic memory 

intrusions following a PTE, and that, under different conditions, the model experienced different 

probabilities of undergoing different recovery trajectories.  The model also found that I was a 

significant predictor of hippocampal volume reduction, where the mean and range of simulated 

volume loss match results of existing meta-analyses. Functional connectivity between the medial 

prefrontal cortex and hippocampus was shown to be significantly greater in the simulated control 

group than in the simulated PTSD group. Finally, the model accounts for the behavioral effect of 

fear overgeneralization in PTSD, predicting greater startle probability to novel compound stimuli 

after a fear conditioning task in simulated PTSD groups compared to a simulated control group. 

The authors believe that this is the first model to describe traumatic memory retrieval, predict 

recovery trajectories, and provide a mechanistic account of multiple symptoms of PTSD 

including intrusive memories, neurobiological changes in hippocampal volume and functional 

connectivity, and fear overgeneralization. 
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Chapter 1. INTRODUCTION 

Intrusive memories are emotionally charged memories of traumatic events whose 

unwanted recollection disrupts normal function and causes additional stress. They are a 

transdiagnostic symptom across different mental health conditions, such as depression, 

schizophrenia, social anxiety disorder, and generalized anxiety disorder [1]. The timecourse of 

intrusive memories is important for understanding and predicting recovery trajectories, which 

remain highly variable and difficult to characterize in clinical practice and research. 

Perhaps the most prototypical pathology characterized by intrusive memories is post-

traumatic stress disorder (PTSD), a condition of severe distress triggered in response to a 

traumatic event. PTSD offers a model situation to study intrusive memories. The onset of PTSD 

is typically tied to a specific event in time (the potentially traumatic event, or PTE) and intrusive 

re-experiencing of the event is an important part of its related symptomatology. Intrusive 

memories are distinguished from the normative re-experience of events because of their 

unwanted and uncontrolled nature, increased frequency, persistence over time, and the severity 

of distress that is associated with them [2]. 

The goal of this project is to use the tools of computational cognitive neuroscience to 

provide a mechanistic explanation of how intrusive memories arise and which factors affect the 

possible recovery trajectories. Specifically, this thesis presents a computational model that 

describes a potential mechanism by which intrusive memories arise and makes predictions about 

their frequency over time, their possible recovery trajectories, and their biological and behavioral 

consequences. A central assumption that sets this approach apart from previous models [3] is that 

traumatic memory intrusions can be understood within the context of a general theory of episodic 
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memory. This theory is grounded in a rational analysis of memory, is well specified 

computationally, and has a clear interpretation in terms of biology, thus providing a solid 

conceptual framework to understand and model traumatic memories. 

This approach might seem paradoxical because, while most models of episodic memories 

stress its Bayesian rationality and the adaptiveness of remembering and forgetting processes [4], 

intrusive memories are considered maladaptive, dysfunctional, and disruptive to a normal life. 

As the reminder of this thesis will show, this paradox might be illusory: intrusive memories can 

be modeled following the same adaptive laws that regulate normal memories; however, the 

exceptional conditions under which traumatic memories are encoded lead the normally self-

regulating mechanisms of forgetting to out-of-the-ordinary, self-perpetuating dynamics. Within 

this framework, the persistent memory intrusions observed in PTSD can be seen not as a 

maladaptive response, but rather as the runaway process of an otherwise adaptive memory 

system. 

A traumatic memory tends to out-compete more contextually appropriate memories due 

to the fact it was encoded in a highly emotional state. Traumatic experiences evoke a 

physiological response that is accompanied by increased activation of subcortical areas such as 

the amygdala [5,6]. Intrusive memories are thought to occur because of the simultaneous 

activation of the amygdala and hippocampus during memory encoding [7]. With each retrieval of 

the traumatic memory, disproportionately more resources are allocated to it, leading to the 

further preservation and growth of these unwanted memory intrusions. Under different initial 

conditions, this positive feedback loop might not be initiated or, if it is initiated, might extinguish 

itself, stabilize, or worsen, leading to different recovery trajectories. Within this framework, it is 

proposed that the neurobiological changes following a traumatic event are the result of different 
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computational demands posed to the biological memory circuitry. Specifically, potential changes 

in hippocampal volume associated with PTSD [8] can be explained as the natural result of 

allocating neural resources to changing memory demands, and potential changes in the 

functional connectivity between the frontal cortex and the hippocampus [5] can be explained as 

an increased bottom-up, and reduced top-down, control over the contents of memories being 

retrieved. 

Finally, it is important to note that traumatic experiences are not the only instance when 

enhanced memory encoding is observed. It is normal and adaptive for a spectrum of experiences 

to elicit physiological or emotional responses that increase brain activation and memory 

encoding. The memory encoding effects of both positive and negative experiences can be 

quantified by measuring the degree to which the emotional state is generalized onto a neutral 

stimulus. Pavlovian conditioning is a well-known paradigm that demonstrates the positive effect 

of emotion on memory. Fear conditioning is similar but in the negative valence, where the 

emotion of fear, in the form of a startle or freeze response, generalizes to neutral stimuli. The 

startle reflex is a cross-species response to loud noises, sudden movement, sharp pain, etc., and 

the generalization of these memories to other environmental cues is an adaptive neurobiological 

process that promotes survival in complex and dynamic environments [9]. A characteristic of 

PTSD is impaired fear inhibition and the tendency to overgeneralize an otherwise normal fear 

response to neutral stimuli more often than healthy controls. In this thesis, we will show that fear 

conditioning and fear generalization arise as a natural consequence of the rational Bayesian 

framework and that the same framework produces a natural account for how previous traumatic 

experiences modify learning in later contexts. 
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The remainder of this thesis is structured as follows. First, we will review the main 

findings on intrusive memories in PTSD, including some critical factors that are known to affect 

them. Second, we will introduce the model and provide an interpretation of its internal 

parameters in terms of cognitive constructs and neurobiology. Then, we will examine the 

model’s performance across a series of parameter values and examine the degree to which it 

correctly replicates the main findings in the literature in terms of behavioral and neurobiological 

findings. Finally, we will review the model, its limitations, and possible directions in which it 

could be refined.  

1.1 INTRUSIVE MEMORIES IN PTSD 

Although intrusive memories appear as symptoms in multiple psychological disorders, this 

thesis will focus on modeling their occurrence in PTSD. PTSD is usually understood as a 

persistent pathological response to an external event, the potentially traumatic event (PTE). The 

existence of such an external event provides a natural way to anchor the evolution of symptoms 

from a particular point in time and makes PTSD a convenient starting point for any modeling 

effort that ties together memory processes and psychopathology. 

In examining intrusive memories, two important outcomes need to be considered. One is the 

absolute outcome at a time point, which can be measured, for example, by the number of daily or 

weekly intrusive memories experienced by a patient. Their frequency, together with the 

characteristics of their context and the context in which they occur, are highly correlated with the 

severity of PTSD symptoms, explaining up to 43% of the variance in severity six months after 

the PTE [10]. 

The second outcome of interest is the patient’s recovery trajectory, i.e., whether the patient 

is on their way to improving or not. In a recent and influential review, Galatzer-Levy et al. [11] 
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identified four typical recovery trajectories following the PTE, which are illustrated in Figure 

1.1. In this figure, the x-axis represents time, the vertical black line represents the onset of a PTE, 

and the y-axis represents the severity of intrusive re-experiencing on a qualitative scale. After a 

PTE, an individual might not show intrusive re-experiencing symptoms (resilient trajectory, 

green); show acute symptoms that spontaneously decline in severity over time (recovery 

trajectory, blue); exhibit worsening symptoms over time (delayed trajectory); or never recover 

after showing an initial acute response (chronic trajectory).   

 

 

Figure 1.1. Idealized recovery trajectories after a PTE (black vertical line). 

 

Because these trajectories were derived from an overview of studies that differ greatly from 

each other, they are idealized in two important ways. First, all of the non-resilient trajectories 

appear to reach the same maximum level of symptoms on the y-axis, while this does not need to 
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be the case. Second, an individual’s trajectory might be categorized differently depending on the 

time scale at which it is observed. Different studies, for example, might examine clinical 

outcomes weeks, months, or years after the PTE; it is possible that an individual who is 

categorized as chronic two months after the PTE would be considered recovering one year 

afterwards, and that an individual exhibiting a resilient phenotype after one month could 

experience a delayed onset at a longer time scale.  

These limitations notwithstanding, the existence for these different trajectories is generally 

strong, as variants of these trajectories can be found across a variety of studies and reviews, and 

at least three of them can be identified in animal model studies (evidence for the delayed onset 

trajectory is debated, and this trajectory does not typically appear in animal studies of fear 

conditioning) [12].  Importantly, the existence of different trajectories poses significant 

challenges for the early identification of those at high risk for chronic psychopathology―an 

important clinical goal not only for preventing long-term suffering but also for appropriately 

allocating limited resources. For this reason, it is important to characterize and understand the 

nature of the factors that might lead to these different patterns. 

While some of the factors could be attributed to environmental effects, at least some of the 

differences in recovery curves must be due to the idiographic characteristics of the patients. 

Evidence in this sense comes from a review of studies on fear generalization and extinction in 

rodents (a common paradigm to study the neurobiology of PTSD), which concluded that at least 

three of the most common trajectories (chronic, spontaneous recovery, and resilience) also 

appear in animal models of PTSD [11]. 
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1.2 FACTORS AFFECTING THE FREQUENCY OF INTRUSIVE MEMORIES 

FOLLOWING A PTE 

In a recent review, Marks et al. [7] provide an exhaustive examination of the possible 

factors that have been associated with the frequency and severity of intrusive memories.  Many 

factors that had been suggested did not show more than modest effects in Mark's review. For 

example, trait dissociation did not consistently or robustly predict intrusive memories in most 

studies. Some of the factors that emerged as having significant effects, on the other hand, present 

significant difficulties for a modeling approach. For example, the presence of trait anxiety and 

depression were a small to moderate predictor of PTSD; yet, no consensus exists on how these 

pathologies should be modeled, as the field of computational psychiatry is still in its infancy (in 

fact, the present study is an attempt to advance this very field). Similarly, although gender is an 

important factor determining both the severity and the type of PTSD symptoms [13], it cannot be 

easily captured through model parameters. Finally, some factors that are robust predictors but 

are, in fact, correlated with other factors. For example, the tendency towards “data-driven” 

processing, defined as encoding sensory-perceptual details without the broader conceptual 

context of the event and typically assessed via self-report, does predict intrusive memories but 

likely occurs more in those with trait anxiety and increases as state anxiety increases. 

Thus, the modeling efforts described herein focused on a handful of factors that (1) stand 

out as having a robust and well-documented effect, (2) can be naturally interpreted within our 

modeling framework, and (3) are representative of different categories. For simplicity, we will 

divide these factors into three categories: environmental factors, idiographic factors, and the 

tendency for negative re-appraisals, which is often tied to the presence of other conditions like 

anxiety and depression (Table 1.1).  
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Table 1.1. Factors affecting the frequency of intrusive memories in PTSD 

Category Factor 
Relationship to Mental Health 

Outcome 

Model 

Parameter 

Environmental 

Intensity of the 

traumatic event 

↑Greater intensity =  

↓worse outcome 

I 

Similarity between 

the PTE and daily 

life events 

↑Greater similarity =  

↓worse outcome 

C 

Idiographic 

Cognitive control 
↑Greater control =  

↑better outcomes 

W 

Vividness of 

recollection 

↑Greater vividness =  

↓worse outcomes 

γ 

Rumination or 

Negative Appraisal 

Unproductive 

Processing 

↑Greater unproductive processing =  

↓worse outcome 

U 

1.2.1 Environmental Factors 

We use the term “environmental factors” to indicate factors related to the characteristics of 

the PTE and their relationship to an individual. Two environmental factors were selected. The 

first is the emotional intensity of the traumatic event. The PTSD literature covers a vast variety 

of traumatic experiences, spanning the gamut from witnessing a crime to surviving torture. 

Although all of these events are traumatic, they vary in degree and severity, and these variations 

are reflected in their effects on the individuals affected by them. Traumatic events of greater 

perceived intensity tend to be associated with the worst outcomes [13], often in a dose dependent 

manner [14]. 

Traumatic events vary not only in their intensity, but also in the circumstances in which they 

might occur. These circumstances, and specifically the degree to which they are perceived to 

overlap with the daily routines, also profoundly affect the severity of PTSD symptoms. Sexual 

assault victims, for example, might have experienced trauma in their very own workplace or 

home, while the trauma experienced by combat veterans typically occurs in situations that have 

little overlap with their civilian life. The similarity between the circumstances of the PTE and the 
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context of everyday life plays an important role in triggering intrusive memories, since a more 

similar environment offers more contextual cues for retrieval [15]. 

1.2.2 Idiographic Factors 

It is generally understood that differences in outcomes are an interaction of environmental 

and idiographic factors, that is, factors that capture the specific cognitive traits of a patient. This 

thesis focuses on two such factors. The first such factor is a patient’s capacity to exert control 

over their own thoughts and habitual responses. This capacity is known as cognitive control or 

executive function and it is often referred to in the clinical literature [16–18]. Many PTSD 

studies have also focused on related psychological constructs, such as response inhibition 

[19,20], working memory [21,22] and intelligence [23]; all of these concepts are highly 

overlapping [24].  However operationalized, the existing clinical research shows that individuals 

with better capacity for cognitive control experience less or less-severe PTSD symptoms, likely 

because of a better ability to manage or inhibit unwanted intrusive memories.  

Another important factor is the vividness of the recollection experience, that is, the degree to 

which a retrieved memory carries the same emotional intensity as the original event. This factor 

also appears, under different studies, with different names. Some studies discuss it in terms of 

sensorimotor vividness, that is, greater detail and imagery in the re-experience of sensory details 

of the traumatic event [25,26]. Other studies discuss it in terms of emotional vividness, typically 

in terms of the emotional intensity of the memory [27]. In general, the vividness of the details of 

the memory is highly associated with its emotional intensity, so the two are considered the same 

herein.  
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1.2.3 Unproductive Processing 

As noted in the previous sections, intrusive memories are trans-diagnostic and occur in 

multiple disorders. Conversely, the co-occurrence of other disorders represents a risk factor for 

PTSD, exacerbating the tendency to retrieve unwanted traumatic memories. This tendency to 

further retrieve and elaborate on negative thoughts and memories is categorized as either 

rumination or negative appraisal. Rumination is the tendency to perseverate on negative 

thoughts and feelings, whereas negative appraisal is the tendency to reflect negatively on 

previous events. Not surprisingly, for individuals whose response style is characterized by 

ruminative processing or negative appraisals of their traumatic memory, the clinical outcome is 

usually worse [7].  

Although there are important differences between these two clinical concepts, they share the 

common nature of conscious and deliberate retrieval of memories, among which the traumatic 

ones are likely to figure prominently. Such a process has a clear connection to the mechanics of 

the model proposed here: by increasing the frequency with which a traumatic memory can be 

retrieved, both rumination and negative appraisal contribute to enhancing its availability and, 

therefore, the future probability of intrusive memories. For simplicity, the model proposed herein 

does not distinguish between rumination and negative appraisal, and we will refer to this 

common phenomenon simply as unproductive processing.  

1.3 NEUROBIOLOGICAL EFFECTS OF PTSD 

In addition to psychological symptoms, trauma may also leave recognizable traces in the 

survivors’ brain activity. A prevalent view in the literature organizes these changes in the context 

of the so-called Triple Network model, a framework that highlights changes in three interrelated 
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networks of functionally and anatomically connected brain regions that are involved in 

controlling emotion and memory [28]. The first of these networks is the so-called salience 

network, which involves brain regions associated with quickly detecting the emotional relevance 

of external stimuli, including the insular cortex, the anterior cingulate cortex and, most notably, 

the amygdala. Hyperactivity in this network, and in particular in the amygdala, is associated with 

PTSD symptoms [29]. For instance, compared to trauma-exposed controls, patients with PTSD 

symptoms show increased amygdala activity to negative stimuli [5,30,31]. 

The second network is the Default Mode Network (DMN), a large network of regions 

comprising the medial prefrontal regions, the medial parietal and retrosplenial cortex, and, 

crucially, the hippocampus. The hippocampus is necessary for long-term memory formation and 

storage of episodic and autobiographical memories [32–34], although some researchers suggest 

that episodic memories might eventually be entirely transferred to neocortical sites [35,36]. In 

addition to the hippocampus, other regions in the DMN are involved in many aspects of episodic 

memory encoding and retrieval [37].  

Intrusive memories are thought to occur because of the simultaneous engagement of the 

amygdala and hippocampus at the time of memory encoding, with amygdala re-activation later 

driving the spontaneous and recovery of the original traumatic event in the hippocampus [7]. 

These spontaneous intrusions occur outside the scope of the usual mechanisms that control 

memory retrieval processes, which are associated with the third network: the central-executive 

network (CEN). This network spans dorsal prefrontal and superior parietal regions that are 

involved in higher-level control and coordination. Consistent with the presence of uncontrolled 

or involuntary memory intrusions, individuals suffering from PTSD exhibit reduced activity in 

regions belonging to this network, such as the medial prefrontal cortex [5].  
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Although the majority of studies have identified PTSD-specific changes in brain activity 

during tasks, the facets that are potentially more relevant to this thesis are the long-term, stable 

changes that manifest themselves independently of the task, such as the possible changes in brain 

structure and in a spontaneous network activity.  

At the anatomical level, PTSD is also generally characterized by a marked reduction in 

the volume of the hippocampus [8,38–42]. It is important to note that this change is primarily 

structural, and, although often remarkably apparent, decreased hippocampus size is not 

consistently accompanied by a functional impairment in long-term memory performance [43]. 

Nonetheless, reductions in hippocampal volume in the range of 5-26% have been observed 

across multiple studies [8]. Only a few studies have been able to examine hippocampal volume 

prior to trauma exposure and PTSD [44,45]. When looking cross-sectionally, the majority of 

studies suggest that changes in hippocampal volume may be a neurological manifestation of 

PTSD. The model reported herein provides an explanation for this finding, relating the change in 

structure to the differential neural resources required to accommodate intrusive memories.   

A second important change occurs in the resting-state functional connectivity between 

different regions in the default mode network. Resting-state functional connectivity is measured 

as the correlation in low frequency (0.1 - 0.01 Hz) oscillations in spontaneous activity in the 

brain, which are recorded while participants are awake, but not actively doing any particular 

task, in an fMRI scanner. Thus measured, functional connectivity is stable and replicable, and 

assumed to index the spontaneous architecture of brain networks.  Compared to healthy or 

traumatized, asymptomatic controls, individuals with PTSD show decreased functional 

connectivity between the medial prefrontal cortex and the hippocampus. This change is believed 
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to reflect a reduced capacity of top-down, goal-oriented control on the contents of memories that 

are being retrieved [5,29].  

1.4 BEHAVIORAL EFFECTS OF PTSD: FEAR INHIBITION 

   Fear conditioning is a behavioral aversive learning paradigm that is commonly used to study 

memory and learning in animals and humans under controlled, laboratory conditions.  In a fear 

conditioning task, a neutral conditioned stimulus (CS) is paired with an aversive unconditioned 

stimulus (+), such as an airblast or electric shock. The CS+ stimulus combination is presented 

repeatedly in order to create an association between the CS and + such that later presentation of 

CS alone is sufficient to elicit an observable fear potentiated startle response. The startle reflex is 

a cross-species response that makes fear conditioning an experimental model that bridges the  

gap between human and animal research on stress and anxiety [46].  

The primary mechanism governing this fear conditioning response is that the generalization 

of fear memories is an adaptive neurobiological process that promotes survival in complex and 

dynamic environments [9]. It has been established in the human literature however, that 

individuals suffering from PTSD are more sensitive than controls to the fear conditioning 

paradigm, producing a higher percentage of startling responses for both conditioned and 

unconditioned stimulus pairs [47,48]. This fact is typically taken as strong evidence of reduced 

fear inhibition in which individuals primed by traumatic memories generalize fear to a higher 

extent than controls, contributing to the theory that previous unrelated trauma enhances future 

aversive learning [47–49]. 
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1.5 INTRUSIVE MEMORIES AND EXISTING MODELS OF PTSD 

As noted above, the biological mechanisms of PTSD are typically understood through the 

lens of fear conditioning and extinction literature. In computational models, conditioning and 

extinction are captured through Reinforcement Learning [50], a formal theory of how agents 

learn to select different actions based on environmental feedback [3,51–54]. For example, Myers 

et al. [52] developed an RL model with separate mechanisms for rewards and losses, and showed 

that performance of PTSD participants in a probabilistic decision-making task, could be modeled 

as a consequence of abnormally large reward values ascribed to neutral trials. A related model 

[53] showed similar results in groups of participants with the personality trait of behavioral 

inhibition, typically marked by higher anxiety and avoidance behavior. Individuals with high 

behavioral inhibition showed higher reward values assigned to neutral faces in a trust task than 

individuals with lower inhibition.  Both findings can be interpreted as related to negative 

expectations connected to avoidance and impaired performance in learning from rewards, both of 

which are potentially implicated in PTSD.     

As noted by Radell et al. [3], these models are rarely designed to capture individual 

differences. They are also geared towards capturing laboratory-based paradigms rather than 

naturalistic circumstances, and task-based performance measures rather than clinical outcomes 

such as recovery trajectories or estimates of clinical symptoms. To the best of our knowledge, 

none of these existing models focuses specifically on intrusive memories nor captures long-term 

memory dynamics and clinical symptoms. These dynamics, instead, were explicitly included in 

an influential framework proposed by Rubin et al. [55]. Rubin’s theoretical model shares the 

same viewpoint as the model presented in this thesis, but lacks a computational implementation 

and, therefore, yields only qualitative predictions. Thus, the model proposed herein offers a new 
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perspective to the study of intrusive memories in PTSD from a computational neuroscience 

viewpoint. Recently, and in parallel with the research described herein, Cohen and Kahana have 

presented a computational model of PTSD based on abnormal cue retrieval [56]. Like my model, 

Cohen and Kahana based their analysis on the dynamics of episodic memory. Unlike this 

proposal, however, their model does not include explicit mechanisms of forgetting and decay, 

nor does it include a general theory of how and why emotion should affect memory. 

1.6 SUMMARY AND GOALS 

The brief review of the literature outlined above clearly points to the reasons why a new 

model is needed. Effective mental health preventative care and treatment measures depend on the 

ability to successfully predict recovery trajectories, but the ability to predict recovery trajectories 

is hindered by the existence of multiple factors that might affect the outcome. To further 

complicate the problem, these factors are often difficult to measure objectively and their 

relationship with the outcome might be indirect and non-linear. 

Computational models are a theory-driven approach to capture the effects of the various 

factors and constrain their inter-dependencies into a principled set of relationships and 

assumptions [57,58]. In addition, if computational models are rooted in cognitive and 

neurobiological frameworks, their internal parameters naturally reflect established and 

measurable constructs, facilitating their interpretation of their effects on patient mental health 

[59,60]. Finally, a computational model might provide a principled way to quickly test and revise 

assumptions in developing future, better-targeted PTSD prevention interventions and treatments.  

The next section will provide an overview of the proposed model, explaining how the 

model relates to an existing model of episodic memory; how these models can be extended to 
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account for the specific characteristics of PTSD; and how the parameters governing the model 

relate to concepts rooted in both the neurocognitive and clinical literature. 

 

Chapter 2. A COMPUTATIONAL FRAMEWORK FOR TRAUMATIC 

MEMORIES 

2.1 THE RATIONAL ANALYSIS FRAMEWORK 

The model presented herein is based on the Adaptive Control of Thought – Rational 

(ACT-R) theory of declarative memory [61]. This choice was motivated by three reasons. First, 

ACT-R is currently the most commonly adopted cognitive architecture in psychology and 

cognitive neuroscience [62]. Second, ACT-R has a long and established history of application to 

brain sciences, making the process of drawing new inferences at the neural level easier and less 

tentative. Finally, ACT-R is based on a Bayesian framework, which provides an elegant 

foundation of declarative memory and can be extended to incorporate the proposed theory of 

memory retrieval that includes emotional intensity. 

Despite previous attempts [63–65], ACT-R currently lacks a formal theory of emotion. 

Thus, it is not possible to implement the effects that traumatic experiences have on memory 

without extending the underlying theory. To provide a rational justification for such an 

extension, we will follow the Bayesian interpretation of memory that was the original inspiration 

for ACT-R’s memory system [66]. 

In the rational analysis terms pioneered by Anderson [4], a memory’s retention function 

(that is, its availability across contexts and times) reflects its probability of being needed at a 

given moment. Thus, if we indicate the specific memory as m and the context as Q (composed of 
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different elemental cues q1, q2, ... qn), a memory retention function reflects the posterior odds 

P(m|Q) / P(¬m|Q), which can be expressed as the product of the prior odds P(m) / P(¬m) and the 

likelihood P(Q|m) / P(¬Q|m). Assuming, for simplicity, that each cue q is independent from each 

other, the retention function can be expressed in terms of log odds as:   

 log (
𝑃(𝑚|𝑄)

𝑃(¬ 𝑚|𝑄)
) = log (

𝑃(𝑚)

𝑃(¬ 𝑚)
×

𝑃(𝑄|𝑚)

𝑃(𝑄|¬ 𝑚)
) 

                                        = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) +  log (

𝑃(𝑄|𝑚)

𝑃(𝑄|¬ 𝑚)
) 

                                              = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) +  log (∏

𝑃(𝑞|𝑚)

𝑃(𝑞|¬ 𝑚)𝑞 ) 

                                        = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) +  ∑ log (

𝑃(𝑞|𝑚)

𝑃(𝑞|¬ 𝑚)
)𝑞  

                                          = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) +  ∑ log (

𝑃(𝑞|𝑚)

𝑃(𝑞)
)𝑞  (2.1) 

The last step in Eq. (2.1)(2.1) is an approximation derived from the consideration that, for 

large amounts of memories, P(q | ¬ m) ≈ P(q). The terms in Eq. (2.1)(2.1) have a straightforward 

explanation in terms of the cognitive psychology of memory [4,61,67]. Specifically, the log 

posterior odds on the left-hand side of Eq. (2.1)(2.1) correspond to a memory’s activation, A(m), 

an intuitive construct that describes a memory’s moment-to-moment availability. Similarly, the 

two quantities on the right-hand side also correspond to cognitive constructs, with the log priors 

corresponding to the base-level activation of m or B(m) (capturing the effects of the previous 

history of usage of m) and the log-likelihood corresponding to the contextual or spreading 

activation of m, or S(m) (capturing the additive effects that each environmental cue has on the 

memory’s activation). Thus:  

   𝐴(𝑚) = log (
𝑃(𝑚|𝑄)

𝑃(¬ 𝑚|𝑄)
) 

 𝐵(𝑚) = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) 
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      𝑆(𝑚) = ∑ log (
𝑃(𝑞|𝑚)

𝑃(𝑞)
)𝑞  (2.2) 

 

By combining Eq. (2.1) and (2.2), we get the simplified activation equation: 

 𝐴(𝑚) = 𝐵(𝑚 ) + 𝑆(𝑚) (2.3) 

To implement these equations algorithmically [68], the quantities B(m) and S(m) are 

approximated in ways that predict future use based on the previous history or the learned 

associations between the memory and the contextual cues, respectively. 

In general, the probability of retrieving a memory declines over time according to a power 

function [66]. Assuming that every single use of a memory m corresponds to the creation of a 

new trace [32] for m, and that the probability of each trace being retrieved declines over time 

according to the same power function with a decay rate d, then the odds of retrieving m are the 

odds of retrieving any of the traces associated with m, or the sum of the probabilities of each 

trace being retrieved. Because activation is expressed in the form of log odds, the value of B(m) 

at time t is the log of the sum of decaying traces associated with m’s usage:  

  𝐵(𝑚) = log(∑ (𝑡 − 𝑡𝑗)−𝑑
𝑗  ) (2.4) 

in which tj represents the time at which trace j has been encoded, and t - tj is the age of the trace. 

Figure 2.1 provides a visual illustration of this mechanism, assuming the same memory has four 

traces associated with it, generated at times t1 = 0 (memory creation).  

The model is noteworthy for its reliability, having been used to successfully model effects 

of recency, frequency, and spacing in declarative learning [69–71] and having been used to 

successfully derive optimal schedules for learning practice [72]. The decay parameter d in Eq. 

(2.4) has been also used for deriving idiographic parameters [73], with d being a stable trait 

within the same individual across sessions and materials, and to assess individual differences in 
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real-life outcomes, such a student’s success at answering test questions after studying [74]. 

Notably, these studies have shown that the same model and the same parameter values can be 

used to capture effects at different time scales, from minutes in laboratory settings [69] to weeks 

and months in naturalistic tasks [74]. 

 

 

Figure 2.1. Time course of base-level activation of a memory m which has four traces associated 

with it, encoded at times t = 0, 20, 55, and 65 s (top). Each trace, shown in a different color, decays 
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at the same rate (d = 0.5). The odds of retrieving m are the sum of the odds of retrieving any of its 

traces (bottom). 

 

The base-level activation component provides a first clue as to the reason why intrusive 

memories exist. As shown in Figure 2.1, the more a memory has been retrieved, the more of its 

traces are created and the more likely it is to be retrieved in the future. Intrusive memories feed 

off this frequency effect because more unwanted retrievals in the past lead to more unwanted 

retrievals in the future. Under normal circumstances, this cycle is broken by the natural decay of 

each trace (the recency effect). As it will be shown, the special circumstances under which 

traumatic memories are created makes them more likely to become persistently intrusive. The 

effect of previous retrievals is also related to one of the factors affecting the frequency of 

intrusive memories, namely, the effect of negative appraisal. This is because a tendency to revisit 

negative events would likely result in more retrievals of a traumatic memory, ultimately 

increasing its odds of intruding in the future. 

Spreading activation S(m), on the other hand, can be best understood in reference to a 

classic representation format for memories, namely, semantic networks [75–78]. In semantic 

networks, each memory represents a node, and associated memories. are connected by 

directional links. Spreading activation S(m) is implemented as the amount of activation that 

flows from the memory nodes that are part of the context Q = {q1, q2 ... qN}. Thus, each element 

qj represents a specific active node in the current context. The strength of the link between q and 

m reflects the statistics of co-occurrence between the two events, so that greater co-occurrence of 

q when m is present (i.e., P(q|m)) corresponds to stronger links.  If there is a direct link from q to 

memory m, then m receives an activation boost that is proportional to the product between the 

strength of the link connecting q to m (indicated as Sq⟶m) and the attentional weight given that 



21 

 

 

cue. The attentional weight is usually simplified as a single scalar quantity, W, that is divided by 

the number N of features that are present in the context Q.  The total amount of spreading 

activation S(m) that m receives is the sum of all of the partial effects of each element q:  

 𝑆(𝑚) = ∑
𝑊

𝑁
𝑆𝑞→𝑚𝑞  (2.5) 

The idea that spreading activation is related to attention has a long tradition in cognitive 

psychology [75,76,78]. Although the most common interpretation of the weight parameter W is 

in terms of top-down attentional control in retrieval [75], this parameter can also be interpreted 

as capturing executive functions and working memory [79–81], that is, an individual capacity to 

maintain, process, and update short-term information [82,83]. For example, Lovett and 

colleagues [84,85] showed that individual variations in W values capture idiographic differences 

in working memory performances, and that W, when estimated independently through a working 

memory task, predicts performance on other tasks that demand cognitive control. Similarly, Rice 

and Stocco [86] showed that individual variations in performances in the N-back task (a common 

measure of working memory) can be explained by corresponding differences in the W parameter 

of the corresponding model. 

Thus described, spreading activation is related to two important factors that affect PTSD. 

The first is the contextual similarity. In this framework, the degree of similarity between the 

context in which the PTE occurred and the context of daily activities is captured by the amount 

of individual cues q that are shared between the two; the greater the number of shared cues, the 

greater is the spreading activation and thus the probability of involuntarily retrieving a memory 

related to the PTE. The second factor is executive function. In this framework, greater executive 

function can be translated into greater values of the parameter W. The greater is W, the greater is 

the amount of top-down control exerted over the retrieval process and, correspondingly, the 
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smaller is the probability of involuntarily retrieving a traumatic memory in a different context. 

Although spreading activation provides a way to capture these factors, two more factors 

(emotional intensity and recollection vividness) still need to be accounted for. To do so, the 

model will need to be expanded to account for the effects of emotion on memory. 

2.2 EXTENDING THE RATIONAL ANALYSIS FRAMEWORK 

It has been noted several times, even by Anderson himself [61], that one limitation of the 

classic approach to memory summarized above is that it assumes all memories are equally 

important. This is highly unlikely to be the case; instead, multiple studies show that availability 

of a memory also reflects its intrinsic importance, even when recency, frequency, and contextual 

factors are accounted for. For example, stimuli associated with higher monetary rewards are 

remembered better than those associated with lower monetary rewards [87–89] and emotionally 

arousing stimuli memorized under stressful conditions tend to be remembered better than stimuli 

memorized under non-stressful conditions [90]. Additionally, memories of emotional events are 

thought to persist longer and be more readily available for retrieval than non-emotional 

memories due to greater activation of the amygdala during memory encoding processes in the 

hippocampus [7,91].  

The role of emotion in memory encoding and retrieval can be accommodated within the 

classic rational analysis framework, and the prior limitation can be overcome in a simple and 

coherent way. In the original formulation [4], a memory’s availability simply reflected its 

probability of being re-encoded. If memories differ in terms of importance, a natural metric to 

allocate resources to memories is the product of a memory’s probability and its importance for 

survival, which can be defined as the emotional intensity of the experience at the time of 

encoding. This product is analogous to the concept of expected utility in decision-making [92], 
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which is defined as the product of an outcome’s probability by its utility. In this case, a memory 

represents an outcome, its probability is the memory’s posterior probability of being re-encoded, 

and its “utility” is its emotional intensity. Thus defined, the intensity of a memory can be 

captured by a term, 0 < I(m) < ∞.  

Because rational analysis is framed in odds instead of probabilities, the term I(m) will be 

transformed into an equivalent odds-like formulation and scaled by the mean intensity of all the 

other memories. Specifically, we will indicate the intensity of a memory m as I(m) / I(¬m), or the 

ratio between m's intensity and the mean intensity of all other memories that are not m, i.e. I(¬m) 

= ∑N
i ≠ m I(i) / N. Thus, just like a memory’s availability depends on the ratio between a 

memory’s probability and the probabilities of all other memories, its importance depends on the 

ratio between its intensity and the intensity of all other memories. With these assumptions in 

place, we can rewrite Eq. (2.1) expressing a memory’s activation A(m) as its posterior probability 

multiplied by its intensity I(m) / I(¬m):  

 𝐴(𝑚) = log (
𝑃(𝑚|𝑄)

𝑃(¬ 𝑚|𝑄)
×

𝐼(𝑚)

𝐼(¬ 𝑚)
) 

                              =  log (
𝑃(𝑚)

𝑃(¬ 𝑚)
×

𝑃(𝑄|𝑚)

𝑃(𝑄|¬ 𝑚)
×

𝐼(𝑚)

𝐼(¬ 𝑚)
) 

                                                      = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) +  log (

𝑃(𝑄|𝑚)

𝑃(𝑄|¬ 𝑚)
) + log (

𝐼(𝑚)

𝐼(¬ 𝑚)
) 

                                                            = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) + log (∏

𝑃(𝑞|𝑚)

𝑃(𝑞|¬ 𝑚)𝑞 ) + log (
𝐼(𝑚)

𝐼(¬ 𝑚)
) 

                                                      = log (
𝑃(𝑚)

𝑃(¬ 𝑚)
 ) + ∑ log (

𝑃(𝑞|𝑚)

𝑃(𝑞|¬ 𝑚)
)𝑞 + log (

𝐼(𝑚)

𝐼(¬ 𝑚)
) 

                                              = 𝐵(𝑚) + 𝑆(𝑚) + 𝑙𝑜𝑔 𝐼(𝑚) − 𝑙𝑜𝑔𝐼(¬ 𝑚) (2.6) 

 

This Bayesian framework suggests that emotional and traumatic events add a constant bias 

for activation in the form of log I(m) and log I(¬m). We predict that this constant bias makes a 
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memory more likely to be retrieved, even in the absence of contextual cues and in proportion to 

the perceived intensity of the event during encoding. 

2.3 INTERPRETATION OF INTENSITY, I 

Crucially, the new term I(m) that captures the intensity of a memory can be interpreted in 

reference to emotional processing. A common theme across affective neurosciences is that 

emotions, at least in their most basic forms, are needed for survival [93–95]. Therefore, events 

that are associated with different emotions, or to the same emotion but to a different degree, 

should also differ in their importance to survival. For example, for a prey animal, the memory of 

a place where a previous encounter with a predator has occurred is more helpful for survival than 

the memory of the same place if no predator attack had occurred. Thus, the emotional state 

associated with an episodic memory should translate to its importance.  

Although authors disagree on how to categorize emotions, most authors agree that emotions 

can be placed at least across two dimensions, valence and arousal. This two dimensional space 

can be visualized by the circumplex model of emotions [96]. The term I(m) can be thought of as 

the norm of the vector in this bidimensional space, capturing an emotion's intensity into a single 

metric (Figure 2.2). With this interpretation if I(m), valence can be both positive and negative, 

which fits well into our expanded Bayesian framework because both positive and negative 

emotions elicit increased neuronal activity during memory encoding and enhance subsequent 

retrieval of memories [7]. The proposed utility model, therefore, could be used to model the 

memory dynamics of all emotions. 



25 

 

 

 

Figure 2.2. An interpretation of the I(m) term in Eq. (2.6) within the circumplex model of emotions: 

I(m) represents the combined effects of arousal and valence associated with memory m. 

 

In this project, we are interested in predicting what happens at the extremes of memory and 

emotion--the place where the magnitude of emotional distress leads to the formation of 

pathology and psychological disorders. Because fear lies at the most negative valance and 

highest arousal of the circumplex model of emotions [97] and only negatively valanced 

emotional experiences produce PTSD pathology, in this thesis memories are referred to as 

negatively valanced and as ‘traumatic’, unless otherwise noted. The intensity of a memory I(m) 

therefore represents the degree to which an event was potentially dangerous or traumatic. In 

addition to framing the analysis of our proposed model in terms of negative valence and PTSD, 

we will also limit our examination of the neurobiological responses of memory encoding [of the 

amygdala] to those which are directly connected to PTSD and well understood in 

neurophysiological terms [98].  

The quantity I(¬m) represents the average emotional intensity of all memories that are 

not m. Therefore, if m is the traumatic memory, I(¬m) is the average emotional intensity of all 

the other (non-traumatic) memories. In situations in which a large number of memories exist, and 
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m is the traumatic memory, the term I(¬m) can be approximated as a constant value of much 

lower magnitude than I(m). With this approximation, log I(m) >> log I(¬m) and log I(¬m) can be 

ignored. 

When retrieving a memory m that is not the traumatic memory however, the quantity 

I(¬m) is an average that includes the emotional intensity of the traumatic event, and I(¬m) can 

no longer be ignored. So, in order to apply the model to task that requires the examination of 

memories other than the traumatic memory, such as a fear conditioning, we will consider the 

value I(¬m) and show that this parameter contributes to the overgeneralization of fear that is 

symptomatic of PTSD. 

2.4 EMOTIONAL RE-APPRAISAL OF EVENTS 

The simple form of Eq. (2.6) assumes that the emotional intensity I(m) is identical for 

every single trace of m. While the memory of an emotional event can elicit an emotional or 

physiological response when it is brought back into awareness, realistically each time the 

memory is recalled, the intensity of ‘re-experiencing’ is of a different, and typically lower, 

magnitude than the initial event. As noted above and shown in Figure 3.1, the retrieval of a 

traumatic memory results in the creation of a new trace, and each new trace would have its own 

intensity I that reflects the specific contribution of the amygdala at that moment in time. Thus, a 

realistic model needs to capture how I would change after each subsequent re-encoding of the 

traumatic memory. 

The new I associated with the retrieval of a traumatic memory would likely be a 

combination of the I value that has been retrieved and the value that is being experienced as part 

of the environment. For instance, Juvina et al. [65] have suggested that such adjustments follow 

the temporal-difference learning algorithm commonly used in Reinforcement Learning.   
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In this case, we will assume that the emotional intensity of each trace declines with each 

retrieval, asymptotically reaching the mean intensity value across all memories, Ī. A new trace, 

thus, would have a new intensity value γ[I(m) - Ī]. The parameter 0 < γ < 1 represents the 

vividness of a memory’s recollection, and [I(m) - Ī] represents the additional intensity of m 

above the average Ī. As the quantity [I(m) - Ī] gets closer and closer to zero, the intensity of a 

memory approximates the average of all memories. 

If n traces of m are available, the expected value I(m) at the n-th retrieval can be 

estimated as the mean intensity of all traces:  

 𝐼(𝑚)  =  ∑
𝛾𝑖 [𝐼(𝑚) − Ī]

𝑛

𝑛
𝑖=1    (2.7) 

This quantity can be approximated by the power sum expression:  

 𝐼(𝑚) =
[𝐼(𝑚) − Ī]  [𝛾 (1 − 𝛾𝑛 )] / (1 − 𝛾) 

𝑛
 (2.8) 

Thus defined, the parameter γ accounts for the last remaining factor that affects intrusive 

memories, that is, vividness of re-experiencing. For low values of γ, the emotional intensity 

associated with the retrieval of a traumatic memory quickly declines, causing a less vivid re-

experience of the event. On the other end, as γ approaches 1, the emotional intensity of a 

memory declines less and less, and each retrieval is accompanied by a more vivid re-experience 

of the original event. 

2.5 SUMMARY 

In this chapter we have introduced the computational framework used to incorporate 

emotional memories, and specifically traumatic memories, into the rational ACT-R framework. 

This extension of ACT-R is called Adaptive Control of Thought - Rational Emotional Memory 

(ACT-REM). 
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Chapter 3. NEUROBIOLOGICAL INTERPRETATION OF THE 

MODEL 

3.1 NEUROBIOLOGICAL INTERPRETATION OF THE MODEL 

The ACT-REM model outlined above can also be interpreted in terms of brain circuitry. In 

this interpretation, the framework is broadly consistent with the Multiple Trace Theory (MTT) of 

memory consolidation [32,33], a neural model that posits that every experience forms an 

episodic trace that is encoded in the hippocampus and that semantic memories are the result of 

multiple, partially overlapping traces creating stable and accessible patterns of neural activity. 

The MTT assumes that episodic memories originate from distributed representations that span 

multiple cortical areas (Figure 3.1).  

    

Figure 3.1. Neurobiological interpretation of the model components, their functional contribution, 

and their main parameters.  The red lines represent the encoding process, with a particular context 

made of cues q1, q2, …, qN being encoded as a new memory m with attributes a1, a2, …, aN. The 

blue lines represent the retrieval process, with the retrieval of m giving rise to a re-enactment of 

the original memory and the creation of a new trace for m. 
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In white, an external event, Q, is processed and represents the current context under which a 

memory will be retrieved. This context is represented by a number of individual sensory cues q1, 

q2 … qN that are individually represented in different cortical areas. The overlap between the 

current context and the context under which the traumatic memory was experienced is captured 

by the parameter C. During the encoding phase (red lines), the different cues of the event (q1, q2, 

…, qN) are encoded in different cortical areas and bound together into a single memory m in the 

hippocampus (as attributes a1, a2, …, aN) through the multiple descending pathways that converge 

from the cortex through the dentate gyrus.  

MTT posits that the hippocampus is the permanent store of episodic memories, and that 

each encoding episode leaves a permanent trace. During retrieval, the hippocampus reaches a 

stable pattern that represents a memory trace and, through ascending pathways from the temporal 

lobe to the cortex, causes the reactivation of the original neurons (blue lines). This reactivation, 

in turn, might be re-encoded as a second trace. The retrieval of an appropriate memory is 

controlled by the ventromedial prefrontal cortex (green) and is affected by the contributions of 

three components and their respective neural circuits: (1) the base-level activation B(m), due to 

the intrinsic processes occurring in the hippocampus (in blue); (2) the spreading activation, due 

to the signals traveling over the pathways connecting cortical areas and the hippocampus (in 

red); and (3) an additional emotional boost that conveys the importance of a memory and is due 

to the activity of the amygdala (in yellow). Base-level activation and spreading activation reflect, 

therefore, two distinct neural processes. Specifically, base-level activation reflects processes that 

are internal to the hippocampal network, such as decay or interference due to accumulation of 

memory traces [36], while spreading activation reflects the mechanism by which cortical inputs 

might trigger contextual memory retrieval [99]. 
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3.2 BASE-LEVEL ACTIVATION AND HIPPOCAMPUS  

In this interpretation, the individual traces that make up every single memory in Eq. (2.6) 

correspond to the episodic traces of the MTT, and are encoded in the hippocampus (Figure 3.1, 

blue).  The hippocampus receives topologically organized projections from all over the cortex, 

and (shown via red and white lines in Figure 3.1), and in turn, sends projections back (shown via 

blue lines in Figure 3.1). The hippocampus is well positioned to perform this encoding because 

its neurons form a densely interconnected network. It has been suggested multiple times that this 

particular pattern of connectivity can be interpreted as follows: the hippocampus works as an 

autoassociator, or an autoencoder—a form of content-addressable memory that stores patterns of 

cortical activity that can then be re-created based on partial inputs. This combination of features 

makes the hippocampus capable of fast learning and high-storing capacity, making it 

complementary to the slow learning that takes place in the cortex [100]. The decaying term Bi 

reflects the progressive weakening of the hippocampal traces, due to either accumulated 

interference, biological decay [36,101], or a combination of both.  

An important biological effect of PTSD is the potential presence of a reduction in 

hippocampus size. This small to moderate-size effect has been observed numerous times [38–

40]. As a memory is retrieved more frequently, its priority increases and its rate of decay 

decreases. A traumatic memory, however, tends to out-compete more contextually appropriate 

memories due to the fact it was encoded in a highly emotional state. With each retrieval of the 

traumatic memory, disproportionately more resources are allocated to it, leading to the further 

preservation and growth of these unwanted memory intrusions. In this framework, it is proposed 

that the corresponding changes in hippocampal volume associated with PTSD can be explained 
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as the natural result of a biological process to efficiently allocate resources to changing memory 

demands. 

 In general, it is known that the volume of the hippocampus changes with experience. For 

instance, in a landmark study [102], cab drivers of London were shown to have larger 

hippocampal volume than the general population. Additionally, another study showed the 

volume of the hippocampus co-varies with the years of education [103]. An accepted explanation 

for this effect is that the volume of the hippocampus reflects the biological investment in storing 

memories that need to be re-used often [104].  

An efficient memory storing system would encode neurons such that memories that need 

to be accessed more frequently use less resources (i.e., fewer cells and/or synapses) than 

memories that need to be accessed less often [105]. In the Rational Analysis framework 

described above, memories that are accessed more often have the highest priors and, higher 

base-level activations. Knowing the priors of memory utilization, the volume of the 

hippocampus could then be approximated by a measure of the homogeneity of the distribution of 

the priors. The degree of efficiency is a function of the information entropy [106] across all M 

memories in long-term memory. Here, the long-term memory’s information entropy, H, was 

utilized:  

 𝐻 = −𝑀 × ∑ 𝑃(𝑖) × 𝑙𝑜𝑔𝑃(𝑖)𝑀
𝑖=1  (3.9) 

This quantity captures how much information is represented in declarative memory once 

the different probabilities of each memory are taken into account. Consider, for example, the 

case of two London cab drivers who have memorized the same number of addresses but use 

them with different probabilities. For one driver, all addresses are equally likely to be retrieved, 

reflecting the fact that their clients are equally likely to request a ride to all of these locations. 
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For the second driver, on the other hand, one single address is requested all the time, while all 

the others are seldom, if ever, requested by clients. Information entropy is high for the first driver 

because it is impossible to predict which address will be requested by the next client. For the 

second driver, on the other hand, entropy is low, since one memory is highly predictable and all 

the other can be ignored. Biologically, the first driver needs to allocate more resources 

(hippocampal cells) to maintain all these memories than the second, for whom a small number of 

cells could be used to encode the single memory that predicts most of the clients’ rides in their 

daily routine. 

In the proposed neurobiological interpretation of our model (Figure 3.1), the allocation of 

neural resources to store a memory is divided between the hippocampus and the cortical-

hippocampal projections. The allocation of neural resources in the hippocampus reflects a 

memory’s base-level activation B(m) and its intensity I(m). Note the base-level activation B(m) 

reflects the memory’s prior odds rather than true probabilities. To translate them into 

probabilities, base-level activations were normalized across all memories into long-term memory 

LTM. To calculate the entropy, it is necessary to transform each memory’s activation into a 

corresponding probability value. Because, according to rational analysis, a memory’s activation 

corresponds to its log odds of retrieval, the corresponding probability can be calculated as the 

ratio of a memory’s odds against the odds of all memories: 

 𝑃(𝑚) =  
𝑒𝐵(𝑚)+𝐼(𝑚)

∑ 𝑒𝐵(𝑗)+𝐼(𝑗)𝑀
𝑗=1

 (3.10) 

Given the theory outlined above, it is hypothesized that increased intrusion occurrence 

will result in a concurrent decrease in hippocampal size, driven by the altered landscape of 

memory recall priors, and thereby capturing the relationship between trauma and hippocampal 

volume. 
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3.3 SPREADING ACTIVATION AND CORTICAL PROJECTION  

Biologically, the retrieval of memories proceeds in a direction that is symmetric 

and  opposite to the encoding process, with partial inputs from the cortex triggering the re-

creation of a pattern of activity in the cortex [32,33,107]. This process and its components are 

shown in red in Figure 3.1. The spreading activation term Si captures the role of cortical 

projection as retrieval cues, with different regions encoding different features and activating 

different possible traces in the hippocampus. The parameter W determines the strength of top-

down control of retrievals. The effect of W can be put into correspondence to the activity of the 

inferior and medial areas of prefrontal cortex in the control of access to retrieval [108–110]. 

These processes are colored in white in Figure 3.1. 

Biologically, the degree of this control is reflected in the degree of synchronization between 

medial prefrontal regions and the hippocampus [5,31]. A computational proxy for this measure is 

the similarity between context Q and the retrieved memory m, with less control associated with 

lesser similarity.  

3.4 AMYGDALA AND EMOTIONAL INTENSITY 

The final piece in this circuit is the amygdala, a small nucleus located in front of the 

hippocampus. As noted above, the amygdala is part of the salience network, a network of regions 

known to play a role in recognizing possible threatening stimuli and which is hyper-active at rest 

in PTSD. The amygdala, in particular, plays a fundamental role in processing fear [94], and is 

bidirectionally connected to the hippocampus. Like the hippocampus, it receives widespread 

cortical projections from the cortex, which facilitates the immediate recognition of threatening 

circumstances. In our model, the functional role of amygdala corresponds to the term I(m), which 
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serves both as an emotional marker for a specific memory m and as a cue that boosts its 

probability of being retrieved.  

3.5 SUMMARY AND PREDICTIONS  

In the previous sections, we have outlined a model of how emotional memories can be 

integrated in an existing computational framework for long-term memory; how an event’s 

emotional intensity boosts the probability of its memory to be retrieved; and how traumatic 

memories might become intrusive because of this additional boost. Additionally, we have also 

outlined how this model is compatible with the architecture of the brain circuits supporting 

emotion, memory, and retrieval, and how this framework could be used to explain hippocampal 

volume and functional connectivity between prefrontal cortex and the hippocampus. 

The rest of this thesis will describe an extensive analysis of this model and of how 

various factors, manipulated as model parameters, affect the model’s outcomes in terms of 

simulated behavior and simulated brain dynamics.  

Chapter 4. METHODS 

4.1 MODEL IMPLEMENTATION 

An algorithmic version of the model was implemented in the ACT-R cognitive architecture 

ACT-R is a natural choice, since its declarative memory system reflects the Bayesian analysis 

that is the basis of Eq. (2.1) and only minor modifications were needed to implement the new 

activation equation Eq. (2.6). Furthermore, because ACT-R is currently the most popular 

cognitive architecture in psychology [62], our code could be easily integrated in other models of 

memory. Finally, ACT-R is noteworthy because many of its modules and parameters have been 
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put into correspondence with underlying neural circuits [67,111,112], thus providing an 

additional level of plausibility to our model. [The entire code for the model, as well as the 

complete results of the simulations, is available at https://github.com/UWCCDL/PTSD]. 

4.2 MEMORY REPRESENTATIONS 

In ACT-R, memories are represented as “chunks”: vector-like structures containing a 

predefined number of “slots”, each of which contains one “attribute”. In general, ACT-R gives 

programmers much latitude to define memories arbitrarily, using the same format for both 

episodic and semantic memory representations. The focus of this study, however, is explicitly 

centered on the retrieval of specific episodic memories. For this reason, we adapted ACT-R 

representations in the following ways.    

In the model, new memories are arbitrary and randomly generated. The structures of 

these memories are controlled by two parameters, N and a, which determine the number of slots 

in a given memory (N, corresponding to the maximum number of contextual cues q) and the 

number of attributes from which a value for a slot can be chosen from (a, which determines the 

richness of the internal representations of events).  

Although PTEs might occur in familiar environments and conditions (i.e., partner violence), 

many traumatic events occur in situations, conditions, and environments that are unique and 

different from the daily life of the agent; for example, for a war veteran, the environment in 

which the PTE occurred (a war campaign in a foreign country) might have few points of contact 

with his or her everyday life back home.  The degree of exceptionality of the PTE was captured 

by parametrically varying the pool of attributes that were chosen for the PTE’s slots. 

Specifically, a congruency parameter 0 ≤ C ≤ 1 controlled the proportion of attributes that were 

unique to the PTE, that is, were selected from a special pool instead of being drawn from the 
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same pool as the attributes of other memories. For C = 0, the PTE is entirely made of unique 

attributes, while for C = 1 the PTE is indistinguishable from the other randomly generated 

episodes.  

4.3 CONTEXTUAL EFFECTS 

In ACT-R, the contextual cues q1, q2, … qN are typically held in separate, content-

dependent “buffers”, each of which represents a different cortical region and provides its own 

source of spreading activation. Episodic memory, thus, would be best thought of as an aggregate 

snapshot of the contents of these buffers. The model was simplified so that events and memories 

are represented in the same format, as a single vector of N attributes. For the sake of simplicity, 

contextual information and retrieved memories are allocated to different buffers, identified by 

the red and blue slots in Figure 3.1 (q1, q2, … qN and a1, a2, … aN respectively).  Thus, an event 

is represented as a context vector Q that is held in the imaginal buffer, and the retrieved memory 

mT is temporarily placed in the retrieval buffer. After the context has been processed and a 

response has been made, the current Q becomes a new episodic memory that is added to the 

long-term declarative memory system and might therefore be retrieved in the future.  

Since, in our model, all the contextual cues are embedded into a single chunk, ACT-R’s 

spreading activation function was simplified. Specifically, spreading activation flows from each 

contextual cue qi to m if the attribute of the i-th slot of m is identical to q.  

4.4 DISTRIBUTION OF CONTEXTUAL AND INTERNALLY GENERATED RETRIEVALS 

To create a realistic simulation, the model went through several simulated days of activity in 

which memory retrieval was either guided by external events (which form the context Q to 

which a response might be made) or by spontaneous recollection. This latter process is an 
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abstraction for a variety of mental processes that also lead to the retrieval of the PTE, such as 

rumination, negative appraisal, and even unintentional mind-wandering.  

The generation of events that lead to retrievals was modeled as a stochastic process, with the 

probability of each event being controlled by a gamma distribution over the time of day. Two 

such distributions were created, one for contextual events and one for the internal unproductive 

processing events. For a modicum of realism, it was assumed that the contextual events peak in 

the early morning and are maximally distributed during working hours, while unproductive 

processing events peak at the end of working hours and extend later in the evenings. Figure 4.1 

illustrates the probability densities of the two types of events. Note that, because the cumulative 

distribution of each curve is 1, the expected number of events of each type during the day is 1. 

To alter the expected number of events during the day, the probability density curves were 

multiplied by two scaling factors, E (for the events) and U (for unproductive processing). Thus, 

the scaling factors can be interpreted as the expected number of events of each type occurring 

within a day.  
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Figure 4.1. Probability density functions of a retrieval happening because of external events 

(blue) or because of unproductive processing (red) during each simulated day. 

4.5 MODEL SIMULATIONS AND DATA ANALYSIS 

Simulations were run by systematically varying the model parameters as shown in Table 

4.2. The range of these parameters was chosen as follows. The values of N and a were chosen to 

create a sufficient variety of different events for the simulations while maintaining the total 

amount of computations manageable. The values of W were chosen so that its middle value 

would be equal to N (so that the weight of each cue would be W/N = 1 in the spreading activation 

equation), and the lower and upper values would correspond to 50% decrements or increments of 

this central value. To capture the effect of context, C the range of was divided into four equal 
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intervals, and the first four values that divided. The values of I were evenly space to include a 

baseline conditions (I = 1) and three conditions (I = 20, 40, and 60) in which the net effect of a 

traumatic event would be comparable but slightly larger than the effect of spreading activation 

(i.e., log(I) = 1.3, 1.6, and 1.8, respectively). The values of U were chosen to be either zero, or to 

match the expected number of retrievals E, thus anchoring the range of plausible values. Finally, 

the values of γ were chosen in analogy to the most common values used, in the modeling 

literature, to capture the temporal discounting factor of future rewards [113]. 

Table 4.2. Summary of the simulation parameters 

Parameter Meaning Value or Range 

N Number of features in episodic 

memories (cues in event) 

8 

a Number of possible attributes for 

each feature 

4, 6 

C Congruency between environment 

and PTE 

0, 0.25, 0.5, 0.75 

W Cognitive control (Working memory 

capacity) 

4, 8, 12 

d Decay rate 0.5 (standard decay 

rate) 

IPTE Intensity of PTE 1, 20, 40, 60 

E Frequency of event-driven retrievals  20 

U Frequency of spontaneous retrievals 

due to unproductive processing 

0, 20 

γ Vividness of recalled experience 0.8, 0.9, 0.95 

 

For each combination of parameters in parameter space, the model was run 100 times. 

Each run spanned 160 simulated days, of which 100 occurred before the PTE to populate the 

model’s long-term memory with a minimal history. 

The model was implemented using the ACT-R software, version 7.5 [68]. All of the model 

simulations were run and maintained through GNU Parallel [114]. The results of the simulations 

were analyzed with the R language and statistical software [115]. Data were visualized using the 
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“ggplot2” package [116]; the model’s predictions about structural and functional changes in the 

brain were visualized using the “ggseg” package [117].  

4.6 SIMULATION OF POTENTIALLY TRAUMATIC EVENTS 

To simulate the effects of emotion and trauma on declarative memory, the ACT-R code was 

augmented with a set of functions that maintain the scalar value I(m) for every memory m 

created. Every time a new memory is added, its value I(m) is computed and recorded. The value 

of I(m) is determined on the basis of the time t at which i is first added to ACT-R's declarative 

memory system. If t = tPTE, then the value of I(m) is set to a predefined value of IPTE, which is 

parametrically manipulated in the following simulations. Otherwise, the value is drawn from a 

uniform distribution between 0 and 2, so that the mean value of all the non-traumatic memories 

is I(¬mPTE) = 1 and, therefore, log I(¬mPTE) = 0 in Eq. (2.6).  

4.7 MODEL BEHAVIOR 

The model simulates behavior over a period of time that spans several months, thus 

stretching the boundaries of a typical ACT-R model’s timescale. At midnight of a predefined 

day, indicated as Day 0, a potentially traumatic event (PTE) is generated and presented to the 

model. This event is marked as having a greater-than-normal emotional intensity IPTE, whose 

precise value of IPTE was manipulated during the simulations. The model follows a simple 

Perceive/Retrieve/Respond loop, in which the model faces external events by retrieving a 

memory of a previously encountered situation and using this memory to generate a response. The 

outline of such a procedure is illustrated in Figure 4.2.  
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Figure 4.2. Perceive/Retrieve/Respond loop of the model’s behavior during a traumatic memory 

intrusion. The model uses separate buffers to store contextual information (Q, red) and the 

retrieved memory (m, blue). (1) Initially, the availability of memories only reflects their base-level 

activations B. After an external event is presented, it is encoded to form the current response 

context Q. (2) Spreading activation from Q changes the landscape of the model’s long-term 

memory (LTM), varying the activation level of different memories to reflect their current 

relevance. (3) The additional emotional intensity IPTE of a traumatic memory mPTE provides an 

additional activation boost. (4) Because of its additional activation, the traumatic memory mPTE 

intrudes in the retrieval process even if it is the contextually inappropriate response to the current 

event. (5) Eventually, the model’s memory is used to make a response, and (6) A new memory is 

formed of the recent event Q. 

 

Throughout a series of simulated days, the model is presented with a stream of new events. 

Each event, in turn, becomes the current context Q and its elements become the current 

contextual cues q1, q2… qN. During the perception phase (1-3), the model attends to the event, 

making the cues become the source of spreading activation. The values of B(m), S(m), and I(m) 

are computed for every element in long-term memory (LTM). B(m) is easily computed from the 
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past history of encodings and retrievals of every memory. S(m) is computed by calculating the 

match between each contextual cue q and the corresponding feature of every other event in LTM. 

Finally, I(m) is calculated for every event in memory by looking up its corresponding entry in a 

corresponding table. During the retrieval phase (4), the memory with the highest activation value 

is then selected through a noisy soft-max procedure, and is placed in a special retrieval buffer, 

marking the end of the retrieval phase. Eventually, during the response phase (5-6), a response is 

performed based on the contents of the retrieval buffer, and the internal representation of the 

context Q is encoded as a new memory in LTM.  

4.8 DEPENDENT VARIABLES 

4.8.1 Behavioral Measures 

During each run of the model, the unintentional retrieval of intrusive memories during a 

single day was recorded for up to 60 days after the occurrence of the PTE.  For each run, two 

dependent variables were calculated. The first is the mean probability of retrieving intrusive 

memories over time, from the day in which the PTE occurred to Day 60. This measure represents 

an average, ideal trajectory for a specific combination of parameters.  

The second measure is distribution of recovery trajectories across all runs within a 

combination of parameters. To calculate this measure, instead of averaging across all of the 

recovery curves, the recovery curve of each individual instance of the model is classified in one 

of the four PTSD recovery trajectories defined by Galatzer-Levy et al. 2018 [11], and discussed 

in the Introduction (Figure 1.1). To categorize each run, the following algorithm was used: 

1) First, three values are calculated: 
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a) The mean probability Pbaseline of retrieving intrusive memories in the 10 days 

preceding the PTE, or baseline period. By definition, this is always zero. 

b) The mean probability Pacute of retrieving intrusive memories in the 10 days following 

the PTE, or during the acute period. 

c) The mean probability Pchronic of retrieving intrusive memories in the last ten days of 

the second month after the PTE (i.e, days 51-60 after PTE), or the chronic period. 

2) Then, the model uses these three values to calculates two statistical tests: 

a) A t-test between the baseline and acute period, or acute test. 

b) A t-test between the acute-period and the chronic period, or chronic test. 

3) If the acute test is significant at p < .05 (Pacute > Pbaseline), then: 

a) If the chronic test is also significant at p < .05, and Pchronic > Pacute, then we classify 

the trajectory as delayed. 

b) If the chronic test is significant at p < .05 but Pchronic < Pacute, then we classify the 

trajectory as recovery. 

c) If the chronic test is non-significant, then Pchronic ~ Pacute , and we classify the 

trajectory as chronic. 

4) If, instead, the acute test is not significant (Pacute = Pbaseline), then: 

a) If the chronic test is significant at p < .05, then Pchronic > Pacute, and we classify the 

trajectory as delayed. 

b) If the chronic test is also not significant, then Pchronic = Pbaseline = Pacute, and we 

classify the trajectory as resilient.  
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4.8.2 Neurobiological Variables 

A third and final group of dependent variables was collected to see how well the model 

captures the possible neurobiological effects of traumatic events. These variables were estimated 

at the chronic period, i.e., days 51-60 after the PTE. 

The first neurobiological dependent variable was the predicted change in hippocampal 

volume. This was calculated using the entropy equation, Eq. (3.9), and averaging the value of H 

at the end of days 51-60. Specifically, the value of H at the end of each run was compared to the 

value of H in a baseline condition that would be representative of a healthy, non-traumatized 

control population. This control condition had parameters that were representative of the general 

population (W = 8, C = 0.25, γ = 0.9; see Results section, below, for how these representative 

parameters were identified) but was run under no trauma (IPTE = 1). The percentage difference of 

each run’s entropy H from this baseline condition was taken as the percentage decrease in 

hippocampus volume. 

The second neurobiological dependent variable was the functional connectivity between 

the medial prefrontal cortex and the hippocampus. This was calculated by measuring the average 

similarity between the context Q and the retrieved memory during the chronic period, i.e., days 

51-60 after the PTE.   

4.9 MODELING FEAR OVERGENERALIZATION IN PTSD 

4.9.1 The Fear Conditioning Paradigm 

To study fear generalization we use the conditional discrimination procedure (abbreviated 

as AX+/BX-) developed by Jovanovic et al. [118] that allows for the evaluation of fear 

potentiation and inhibition of fear in humans. In the AX+/BX- fear conditioning paradigm, 
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individuals experience a number of trials in which neutral compound stimuli AX and BX are 

either associated with an aversive airblast stimulus (AX+) or not (BX-). Fear generalization is 

measured as the probability of a startle response to the presentation of a compound stimulus that 

was previously not associated with the aversive stimulus (BX) and a previously unseen 

compound stimulus (AB). The generalization probability reflects the learned association of X or 

A to the aversive stimulus [47,48,118].  

This paradigm can easily be accounted for by ACT-REM. We define a startle response as 

the retrieval of an AX+ memory in the task environment when a cue (either an AX, BX, or AB 

compound stimuli) is presented. Specifically, when presented with a cue the probability P(startle) 

of retrieving an AX+ memory over a BX- memory depends on the relative activations of the two 

chunks, 𝐴(𝐴𝑋+) and 𝐴(𝐵𝑋−): 

 𝑃(𝑠𝑡𝑎𝑟𝑡𝑙𝑒) =  
𝑒𝐴(𝐴𝑋+)

𝑒𝐴(𝐴𝑋+) + 𝑒𝐴(𝐵𝑋−)  

                          =  
1

1 + 𝑒𝐴(𝐵𝑋−) – 𝐴(𝐴𝑋+)   

       =  
1

1 + 𝑒−𝛥𝐴 (4.11) 

where ΔA is the difference in activation between the aversive and non-aversive stimuli. This 

difference is due to a variety of factors, including spreading activation S(m) and the emotional 

intensity I(AX+) of the aversive stimulus + associated with the compound AX. Because X and A 

are common to all episodes that contain an aversive stimulus there is a residual probability of 

retrieving an AX+ memory in lieu of a BX or AB prompt. This is an effect of spreading 

activation, S(m). The startle reflex that results from the aversive stimulus + produces an elevated 

emotional intensity for the AX+ memory, and thus a nonzero value for log I(AX+). This also 

increases the probability of retrieving an AX+ memory even when not contextually appropriate. 
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Because no aversive stimulus + is associated with the BX compound stimulus, log I(BX-) is 0. 

Figure 4.3 illustrates the components B(m), S(m), and log I(m) of Eq. (2.6) and their relationship 

to the activation of memories for events AX+ and BX- in Eq. (4.11). 

 

Figure 4.3. Components of memory activation in fear generalization and their relationship to 

activation of memories for events AX+ and BX-. 

 

When presenting a neutral BX stimulus or novel AB stimulus to the model, the spreading 

activation components are identical between each cue and the AX+ startle memory (A in AB, X in 

BX). Therefore, ΔA and the probability of retrieving a startle response depends only on the 

remaining factor log I(AX+), the emotional intensity of the aversive stimulus.  Thus, as I 

increases so does its generalization to neutral or novel stimuli, as indicated by the blue line in 

Figure 4.4. 
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Figure 4.4. The probability of retrieving a startle response P(startle) as a function of log I 

(AX+). 

4.9.2 Effect of PTSD on Fear Generalization 

As previously noted, an interesting effect of PTSD is that previous trauma enhances 

future aversive learning [47–49]. This characteristic of PTSD has been shown to increase 

generalization of a startle response from an aversive learning experience (AX+) to new stimuli 

(BX or AB) compared to healthy controls with no previous trauma [47,48,118]. In the model 

framework presented in this thesis, the overgeneralization effect of PTSD can be captured by the 

term log I(¬m), where I(¬m) is the average emotional intensity of all memories other than 

memory m. The value of I(¬m) depends on which m is retrieved. If m is the traumatic memory, 

I(¬m) is the average emotional intensity of all the other (non-traumatic) memories. This value is 

close to 1 and, therefore, log I(¬m) = 0. When we are retrieving a memory m that is not the 

traumatic event, however, the quantity I(¬m) is an average that includes the emotional intensity 

of the traumatic event. I(mPTE) is typically much larger than that of any other memory and, 

therefore the log I(¬m) term can no longer be ignored (i.e., log I(¬m) > 0). 
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Note in Eq. (2.5), the quantity log I(¬m) is subtracted from the activation equation. 

Therefore, the probability of retrieving the memory of shock (AX+) over non-shock (BX-) 

episodes changes depending on the value of I(¬m). This change is due to the fact that log I(¬m) 

acts as a positive retrieval threshold. In the case where the activation of BX- and/or AX+ 

memories fall below the threshold; those memories will not be retrieved. Thus, the probability of 

retrieving a shock event is now the linear combination of the probabilities of the three disjoint 

events that might happen: 

(1) That the activation of both memories AX+ and BX- are above the threshold, and the 

probability of a startle response depends on the relative activation of the two (See Fig. 4.3, 

presented again below); 

 

Figure 4.3. Components of memory activation in fear generalization and their relationship to 

activation of memories for events AX+ and BX-. Threshold log I(¬m) is below the activation level 

for both AX+ and BX- memories. 
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(2) That AX+ is above the threshold, but BX- is not, so that AX+ is retrieved by default 

and a startle always happens; and that  

 

Figure 4.5. Components of memory activation in fear generalization and their relationship to 

activation of memories for events AX+ and BX-. Threshold log I(¬m) is below the activation level 

for an AX+ memory and above the activation level for a BX- memory. 

 

(3) that AX+ and BX- are below the threshold, under which circumstances no startle 

happens—at least not due to the retrieval of conditioned stimuli.  
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Figure 4.6. Components of memory activation in fear generalization and their relationship to 

activation of memories for events AX+ and BX-. Threshold log I(¬m) is above the activation level 

for both AX+ and BX- memories. 

 

These three probabilities can be computed as follows.  In the first case, the probability of 

a startle response is simply the probability of retrieving an AX+ stimulus over BX-, and is 

expressed by Eq. (4.11). The probability of the second case can be computed by thinking of a log 

I(¬m) as a “threshold” T, and calculating the probability P(T) that the threshold would be higher 

than the activation of BX-: 

     𝑃(𝑇)   =  
1

1 + 𝑒𝐴(𝐵𝑋−)−𝑇 (4.12) 

  By analogy, the probability of the third case can be computed as: 

     𝑃(𝑇)   =  
1

1 + 𝑒𝐴(𝐴𝑋+)−𝑇 (4.13) 

Because these three events are disjointed, the total probability can be calculated as: 

     𝑃(𝑠𝑡𝑎𝑟𝑡𝑙𝑒)  =
1

1 + 𝑒−𝛥𝐴 +  
1

1 + 𝑒𝐴(𝐵𝑋−)−𝑇 −  
1

1 + 𝑒𝐴(𝐴𝑋+)−𝑇  (4.14) 
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4.9.3 Methods 

The original ACT-REM code was modified to replicate a standard version of the AX+, 

BX- paradigm. In this version, eight “A” stimuli, identified as A1, A2 … A8, were associated 

with the same abstract stimulus “X” and a shock stimulus “+”. Each presentation of the stimulus 

was encoded as a memory trace (a “chunk” in ACT-R) with three components: the A-type 

stimulus, the X-type stimulus, and the presence (+) or absence (-) of a shock. As in ACT-REM, 

each shock stimulus was associated with an emotional intensity value I, which was set to 1 (so 

that log I = 0) for the non-shock stimulus. For each simulation, a single test stimulus was 

presented, consisting of either an AX cue (one of the previously experienced compound stimuli 

associated with a shock), a BX cue (a compound stimulus previously not associated with a 

shock), and an AB stimulus (a new component stimulus made of one A-type and one B-type 

stimulus). Additionally, a ‘startle probe’ parameter P was added to both AX and BX cues to 

replicate the presence of the 100-dB startle probe present in the conditioning phase of AX+/BX- 

task implemented by Jovanovic et al. [48]. A ‘noise alone’ condition, NA, presented in the 

analysis measures the potentiated startle response to the startle probe, P. 

To test the exactness of our mathematical analysis, we conducted a numerical Monte 

Carlo simulation using the code made available at https://github.com/UWCCDL/PTSD. 
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Chapter 5. RESULTS 

5.1 MEMORY INTRUSIONS AND RECOVERY TRAJECTORIES 

The occurrence of intrusive memories was measured as the probability of retrieving the 

PTE at any retrieval cycle. For simplicity and ease of interpretation, the results are shown in 

terms of the number of intrusive memory retrievals per simulated day, with the entire simulation 

(Tmax) extending to approximately two months after the occurrence of the PTE. Figure 5.1 

provides an overview of the results across all parameter space. First, as expected the model does 

indeed show worse clinical outcomes in response to more traumatic events. Figure 5.1, below, 

shows the daily incidence of traumatic memories. A 3x60 analysis of variance (ANOVA), using 

emotional intensity I and the days after PTE as factors, revealed that I had a significant effect on 

the relative frequency of experiencing traumatic memories in the days following a traumatic 

event [F(2, 1295345) = 37,115.6, p < .0001], with higher values of I corresponding to higher 

relative frequency of memory intrusions. Furthermore, I interacted significantly with the day 

[F(118, 1295345) = 10.3, p < .0001], resulting in different recovery trajectories.   
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Figure 5.1. Predicted increase in memory intrusion following a PTE on Day 0 (black dashed line) 

as a function of emotional intensity I. Error bars represent standard errors of the mean; the 

shaded red area marks the time interval in which the hippocampal volume was calculated. 

 

Figure 5.2 shows the predicted number of memory intrusion across all simulated 

parameters, divided by the type of recovery trajectories of the corresponding model runs. Neither 

the proportion of trajectories nor the specific number of traumatic memory intrusions in Figure 

5.2 are representative of the observed effects in the general population. This is because the 

parameter values were not selected in a way that was empirically informed---in fact, part of the 

goal of this study is to identify empirical parameter values and ranges that better characterize the 

general population. 
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Figure 5.2. Average timecourse and of traumatic memory intrusions and relative trajectory 

prevalence for each trajectory type, calculated across all of the model parameter values 

manipulated in the simulations. The shaded areas represent the time intervals at which the 

frequency of traumatic memory intrusions is measured to identify each model’s run trajectory. 

 

To this aim, we examined every combination of parameters to identify the specific set 

whose proportion of trajectories best represents what is observed in the literature. These 

proportions were obtained from the meta-analysis reported by Galatzer-Ivy et al. [11], which 

gives an estimated prevalence for the Resilient (65.7%), Recovery (20.8%), Chronic (10.6%) and 

Delayed trajectories (8.9%) across 54 studies and 76,435 participants. It was found that, for a 

particular combination of model parameters (C = 0.25, gamma = 0.9, IPTE = 40, W = 8, and U = 

0), the predicted trajectories closely matched the percentages reported in the meta-analysis. The 

mean trajectories and their relative percentages are depicted in Figure 5.3. The percentage of 

trajectories is not statistically different from what emerged in the meta-analysis (χ2(3) = 7.46, p > 

.05) and almost identical to those observed in some recent studies [119].  
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Figure 5.3. Percentages and timecourses of the different trajectories for the combination of 

parameters that best matches the prevalence of trajectories in Galatzer-Ivy et al. [11]. 

 

Having identified a representative set of parameters, we can now examine how 

systematically varying parameter values that represent different risk factors affect the timecourse 

and severity of memory intrusions in PTSD, and whether these changes are consistent with the 

direction of the predicted effects in Table 1.1 and the empirical findings reported in the literature. 

5.2 EFFECTS OF ENVIRONMENTAL FACTORS 

The environmental factors in our simulations are the intensity IPTE of the initial traumatic 

event and the contextual similarity C between the PTE and the current context Q under which a 

retrieval process is initiated. To examine these effects, an analysis was conducted on all 

simulation runs in which the values of idiographic parameters W and γ and the unproductive 
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processing parameter U were kept at the population-level representative values of Figure 5.2, 

while I and C were varied at all possible values, presented in Table 4.2. 

Figure 5.4 illustrates the mean timecourses of traumatic memory intrusions across 

different values of IPTE and C.  

 

    

Figure 5.4. Predicted daily number of intrusions following a traumatic event of different intensity 

(IPTE) under varying values of contextual similarity (C). 

 

A number of effects are consistent with the classic results in the literature. In general the 

frequency of memory intrusions is higher immediately after experiencing the traumatic event, 

and tends to taper off over time; this fact is consistent with the prevalence of spontaneous 

recovery across studies [11]. The frequency of memory intrusions is systematically larger after 

events of greater traumatic intensity. Additionally, and unsurprisingly, the number of intrusions 
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tends to be higher when the environment contains a greater number of multiple cues associated 

with the traumatic event, as modeled by the contextual similarity parameter C. 

To systematically investigate the effects of I and C, the average number of memory 

intrusions N at the end of the simulated period of time (Days 51-60) was modeled through a 

generalized fixed-effect linear model of the form N ~ β0 + βI IPTE + βC C + βI,C IPTE C  + ε. 

Because the number of intrusions N is a count variable, the statistical model used a Poisson 

rather than Gaussian link function. The statistical analysis shows a significant effect of both the 

PTE intensity (standardized βI = 0.005, p < 0.001) and context (standardized βC = 0.008, p < 

0.001). Their interaction was also significant with a negative parameter value (βI,C  = -0.003, p < 

0.001). 

Although they provide important quantitative information, each of the timecourses of 

Figure 5.2 is averaged from hundreds of individual runs of the model, each of which would 

exhibit its own recovery trajectory. We predicted that both the intensity of the traumatic event 

and the proportion of traumatic cues in the environment would have significant effects on the 

model’s recovery trajectories, with the number of resilient trajectories declining as the values of I 

and C increase. The relative distribution of the other three types of trajectories (Recovery, 

Chronic, and Delayed), however, is harder to predict because of the possible interactions 

between factors and the fact that each trajectory’s prevalence is constrained by the relative 

frequency of the others. Indeed, this is precisely the type of situation in which computer 

simulations might provide insight into the balance of forces that affect recovery. Figure 5.5 

depicts the prevalence of each of the four trajectories for each combination of IPTE and C.  
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Figure 5.5. Relative proportion of the four fundamental recovery trajectories (Figure 5.2)  under 

different values of the intensity of the traumatic event (PTE) and the contextual similarity between 

the traumatic event and daily life. 

 

The relative distribution of the four trajectories was analyzed using a MANOVA model. 

Note that, because the prevalence of the trajectories is bound to sum up to 100%, this statistical 

model has only three effective dependent variables, since the fourth trajectory’s prevalence is 

completely determined once the first three are known. For the purpose of our analysis, the three 

dependent variables were the prevalence of the Resilient, Recovery, and Delayed trajectories; the 

statistical results would not change if any other set of three trajectories were considered. The 
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MANOVA analysis revealed that that both the intensity of the PTE (Pillai’s trace = 0.25, F(3, 

1196) = 133.05, p < 0.0001) and its contextual similarity C (Pillai’s trace  = 0.54, F(3, 1196) = 

460.64, p < 0.0001) as well as their interaction (Pillai’s trace = 0.06, F(3, 1196) = 24.93, p < 

0.0001) significantly affected the distribution of the trajectories.  

Because an increase in the prevalence of one trajectory must occur at the expense of the 

others, as can be seen in Figure 5.5, the relative proportion of each trajectory is different for the 

different environmental factors. For instance, the Resilient trajectory steadily declines as the 

values of IPTE and C increase, while the Delayed trajectory waxes and wanes. 

To further analyze this effect, four separate analyses were conducted, each of which 

estimated the probability that a run of the model under different conditions exhibited a specific 

trajectory. All of the analyses were implemented as a generalized linear model of the form T = β0 

+ βI IPTE + βC C + βI,C IPTE C  + ε, with T being a binary variable (coded as T = 1 if the specific 

run exhibits the target trajectory and T = 0 otherwise) and the model using a binomial link 

function.  

In the case of the Resilient trajectory (green in Figure 5.5), both the intensity of the PTE 

(standardized βI = -3.41, p < 0.00001) and its contextual similarity (βC = -5.78, p < 0.00001) had 

significant and negative effects. Furthermore, their interaction did not reach significance (βI,C = -

0.39, p > 0.59), implying that their effects were additive. The other three trajectories, however, 

show a more complicated pattern. The main effects of both factors were significant and positive 

for all three trajectories (standardized βI > 2.94, p < 0.001; βC > 3.28, p < 0.0001); this reflects 

the deeper and longer-lasting effects of the PTE, which increases the probability of Recovery, 

Delayed, and Chronic trajectories while decreasing the share of Resilient ones. The interaction 

term, however, was significant only for the Delayed and Chronic trajectories. In both cases, the 
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interaction has a negative sign (βI,C < -4.27, p < 0.0001) implying that, as the intensity of the 

PTE and its contextual similarity increases, the probability of these trajectories might actually 

decrease (as it does in Figure 5.5). It is also worth noting that, when the environmental context 

shares very few attributes with the original traumatic event (i.e., C = 0.0 or 0.25), resilient 

trajectories remain common even for high levels of traumatic intensity. This is compatible with 

the potentially paradoxical finding that resilient trajectories are more common in combat-

traumatized veterans, despite the severity of the events witnessed [11]. 

In summary, the model’s simulations largely reflect the patterns observed in the traumatic 

stress literature, showing consistent effects of both the intensity of the trauma and the presence of 

traumatic cues in the environment as powerful drivers of intrusive memories and pathological 

trajectories. 

5.3 EFFECTS OF IDIOGRAPHIC FACTORS 

Next, we will examine the effects of individual idiographic factors, which in our model 

are abstracted in the cognitive control parameter W and the intensity of relived experience γ. As 

shown in Figure 5.6, both factors significantly affected the onset and timecourse of intrusive 

memories. 
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Figure 5.6. Effects of idiographic factors of cognitive control (W) and intrusive memory intensity 

(γ) on daily memory intrusions. 

 

 In general, the effects of the cognitive control factor W were much stronger than 

expected, with the model registering no intrusive memories when W = 12. This suggests that the 

range chosen for W was unrealistically large, a fact that will need to be taken into consideration 

in future simulation studies. 

As in the case of external factors, the effects of the W and γ on the number of traumatic 

events was analyzed by through a generalized linear model of the form N = β0 + βW W + βγ γ + 

βW,γ W γ  + ε with a Poisson link function, with N being the cumulative sum of intrusive 

memories in Days 51-60 after the PTE. As expected, the analysis showed that increased levels of 

cognitive control were associated with less frequent intrusive memories (βW = -0.005, p = 0.01), 

while increased levels of vividness were associated with more frequent intrusions (βγ = 0.002, p 

< 0.0001). The two factors did not interact with each other (βW,γ = -0.0002, p > 0.91). 

As before, the prevalence of trajectories was analyzed with a MANOVA model, using the 

proportion of Resilient, Recovery, and Delayed trajectories as the dependent variables (the 
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proportion of Chronic trajectories was determined once the other three are known) and the values 

of W and γ as the independent variables. Both W (Pillai’s trace = 0.62, F(3, 896) = 476.34 , p < 

0.0001) and γ (Pillai’s trace = 0.08, F(3, 896) = 26.56, p < 0.0001), as well as their interaction 

(Pillai’s trace = 0.05, F(3, 896) = 14.97, p < 0.0001), were statistically significant, with W 

explaining the most variance, as indicated by its large Pillai's trace value. 

Four separate analyses were conducted on the probability of each model run resulting in 

one of the four trajectories; all of them used a generalized linear model with a logistic link 

function.  Because of the large variance in the proportion of trajectories (due to the massive 

effects of W: Figure 5.7), none of the interaction terms were significant. Thus, we analyzed all 

four trajectories with a simpler generalized linear model of the form N = β0 + βW W + βγ γ + ε. 

Increases in the cognitive control parameter W were found to be significantly associated with 

increases in the Resilient trajectory (standardized βW = 6.86, p < 0.00001) and with decreases in 

the probability of Recovery, Delayed, and Chronic trajectories (standardized βW < -3.63, p < 

0.00001). This is consistent with the hypothesis that executive control increases resilience to 

traumatic events, likely because of the increased ability to control emotional memories [120]. 

Increases in the recollection vividness γ, on the other hand, were found to be significantly 

associated with increases in the occurrences of Chronic and Delayed trajectories (standardized βγ 

> 1.43, p < 0.00001) and decreases in the occurrences of Recovery and Resilient trajectories 

(standardized βγ < -0.90, p < 0.001). This is consistent with our hypothesis that recollection 

vividness negatively affects recovery by perpetuating the lingering effects of traumatic 

memories. 
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Figure 5.7. Effects of idiographic factors on the prevalence of recovery trajectories. 

 

In summary, both lower cognitive control W and higher intensity of intrusive memories γ 

were associated with more intrusive memories and generally more pathological outcome 

trajectories.  The large effect of W is likely due to the fact that the range of parameter values 

examined was too large. However, while the distribution of trajectories for very high values of W 
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seem unrealistic, the distribution of trajectories and the severity of memory intrusions for very 

low values of W is compatible with those found in cases of intellectual disability [121]. 

5.4 EFFECTS OF UNPRODUCTIVE PROCESSING 

Finally, we examined the effects of the presence of unproductive processing, as captured 

by the parameter U. A generalized single-factor linear model with a Poisson link function found 

that U greatly increased the number of daily intrusive memories (Figure 5.8; standardized βR = 

0.003, p < 0.00001). 

 

  

Figure 5.8. Effects of unproductive processing on the frequency of daily memory intrusions. 

 

A MANOVA found that it also significantly affected the distribution of trajectories 

(Figure 5.9: Pillai’s trace = 0.45; F(1, 196) =   55.09, p < 0.0001). 
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Figure 5.9. Effects of unproductive processing on the proportion of recovery trajectories. 

 

Separate analysis of for each trajectory, using a generalized linear model with a logistic 

link function, showed that unproductive processing negatively affected the probability of 

Resilient trajectory (standardized βR = -4.38, p < 0.00001), significantly increased the probability 

of occurrence of Chronic and Recovery trajectories (standardized βR > 1.41, p < 0.0005), but had 

no effect on the Delayed trajectory (standardized βR = 0.81, p > 0.70). 

5.5 NEUROBIOLOGICAL EFFECTS OF PTSD 

In addition to the behavioral effects, the model also generated predictions about how 

intrusive memories affect the brain. Specifically, we will focus on PTSD-related changes in the 

size of the hippocampus and in its functional connectivity to the prefrontal cortex. These two 

measures capture consistent and key abnormalities reported in the literature, and can be 

approximated as the value of Shannon’s information entropy H across all memories, Eq. (3.9), 

and the mean value of the similarity between the retrieved memory and contextual cues, 

respectively. 
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5.5.1 Hippocampus Volume 

Having established that our model succeeds in capturing individual differences in 

recovery trajectories for PTSD, the results were further examined to estimate the effects of 

traumatic stress on hippocampal volume. It was observed, across all parameters, that there was 

general reduction of simulated hippocampal volume, ranging from zero to 33.89% with a mean 

decrease of 7.35% [t(21599) = 140.83, p < .0001]. Both the mean decrease and the range of 

variation match the results of existing meta-analyses. For example, in Smith’s 2005 review of 

structural MRI studies [122], the decrease in hippocampal volume ranged between 0 and 44% 

with a mean of 6.9%. A second question was whether the severity of the reduction was predicted 

by the severity of trauma. To this end, the model simulation results suggest that the emotional 

intensity I was a significant predictor of hippocampal volume reduction [F(2, 21594) = 774.7, p 

< .0001], with the decrease in hippocampal volume growing with greater values of I (all pairwise 

comparisons significant at p < .0001, Bonferroni corrected). This is shown in Figure 5.10, which 

shows the distributions of predicted decreases of hippocampal volumes in the simulations, 

visualized (as violin plots) separately for different values of intensity I. 
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Figure 5.10. Effect of trauma intensity I on hippocampal volume. The violin plots represent the 

distribution densities of model runs resulting in the corresponding decreases of hippocampal 

volumes. Solid circles and lines represent means +/- standard deviation. In the control condition, 

the hippocampal decrease is zero. 

 

Although the clinical literature typically reports the prevalence of PTSD symptoms and 

recovery trajectories following a particular type of traumatic event, neuroimaging studies of 

PTSD largely focus on differences between groups of individuals who already exhibit different 

symptoms. They could be, for example, individuals suffering from PTSD vs. healthy matched 

controls with no history of trauma or, more commonly, individuals exhibiting PTSD symptoms 

vs individuals not exhibiting PTSD symptoms after a similar, traumatic event. Because in these 
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types of studies, the two groups are matched with respect to some of the factors of interest (such 

as the intensity of the traumatic event or individual differences in executive function, 

corresponding to our parameters I and W), it would be uninformative to conduct an analysis of 

the effects of these factors.  

It is also problematic to consider the traumatic events that two different groups have been 

exposed to as “similar”. As noted above, the intensity of a traumatic event interacts with the 

characteristics of the individual and group assignments often fail to account for other important 

confounding factors, such as individual trauma history. Furthermore, in the majority of studies, 

no information is given about the specific recovery trajectory of individuals in the experimental 

groups. This is problematic because, while they may currently exhibit PTSD symptoms their 

recovery trajectories could be very different, they could be on a recovery course, chronically 

stable, or they could have had a delayed onset of symptoms (Figure 5.2). 

To conduct a proper analysis that is more comparable with the literature, we analyzed our 

model’s neurobiological dependent variables using each run’s end-point trajectory, that is, 

whether each model run’s intrusive memories on days 51-60 after the PTE is significantly greater 

than zero or not in a t-test. This lumps models runs that either never developed intrusive 

memories (Resilient) or successfully recovered after developing them (Recovery) into the 

“Control” group and model runs that either experienced intrusive memories throughout the run 

(Chronic) or developed them later on (Delayed) into the “PTSD” group. 

Figure 5.11 illustrates the results of this analysis for hippocampal volume. The simulated 

PTSD group’s change in hippocampus volume (M = -8.63%, SD = 7.82%) was significantly 

larger than the traumatized control group’s (M = -0.04%, SD = 1.47%; Welch two-sample test 



69 

 

 

t(12754) = 92.42, p < 0.0001), with the control group’s change in hippocampus being not 

significantly different than zero (one-sample t(3097) = -1.50, p > 0.13). 

 

Figure 5.11. Predicted changes in hippocampal volume by experimental group. In the violin 

density plots (bottom), points represent means and error bars represent standard deviations. 

 

The final analysis for hippocampal volume was whether or not the degree of hippocampal 

volume reduction was correlated to the degree of symptom severity. This is important because, 

although symptom severity is clearly driven by the severity of the traumatic event, it also 

depends on other factors that were explicitly manipulated in the simulations. To do so, the mean 

daily relative frequency of memory intrusions in the last 10 days of the simulations (red shaded 
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area in Figure 5.1) and the corresponding percentage decrease in hippocampal volume were 

calculated for each run of the model. Three separate linear regressions, one for each level of I = 

20, 40, and 60, were then computed. In all cases, a significant linear regression was found [I = 

20: β = -20.55, t(7198) = -157.9, p < .0001; I = 40: β = -25.18, t(7198) = -225.6, p < .0001; I = 

60: β = -27.35, t(7198) = 205.1, p < .0001] as shown in Figure 5.12. 

 

 

Figure 5.12. Correlation between the relative frequency of traumatic memory intrusions to 

hippocampal volume for varying levels of trauma intensity. Each point represents a single run of 

the model; solid lines represent the mean regression line. For the sake of clarity, all of the points 

corresponding to the control condition (I = 1) are omitted, since they are overlapping in the original 

of the coordinates (0, 0). 
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Because studies relating PTSD and hippocampal volume are correlational in nature, it is 

not possible to exclude the possibility that a smaller hippocampal volume might represent a risk 

factor for PTSD. This is, in fact, one of the most debated topics in the field, and some evidence 

in this sense can be found in the literature. In one of the most remarkable studies, Gilbertson et al 

2002 [45] examined pairs of twins in which one of the sibling’s suffered PTSD after being 

exposed to combat and found that the volume of the hippocampus in the non-exposed twin 

predicted the severity of the PTSD symptoms in the exposed one. 

Although our model predicts that a decrease in hippocampal volume is a consequence of 

PTSD symptoms, it does allow for a potential way in which an initially smaller hippocampus 

could lead to worse clinical outcomes, thus explaining these results. In essence, our model 

predicts that the same set of conditions that would allow a traumatic event to dominate over all 

other memories could also lead to other uneven distribution of memory activations before any 

traumatic event. In other words, a smaller hippocampal volume could not be a risk factor per se, 

but evidence of the presence of other conditions (in this case, specific values of model 

parameters) that represent significant risk factors.        

To examine this hypothesis, we conducted a new analysis of our simulations. In this 

analysis, as in the previous analysis, the hippocampal volume was measured as a percentage of 

the volume difference from a baseline condition in which no traumatic event occurs (I = 1). 

Unlike the previous analysis, however, the hippocampal volume was estimated from the average 

entropy in the ten days preceding the traumatic event (Days -11 to -1 in Figure 5.1). The 

percentage in volume difference from the baseline was then correlated with the mean severity of 

symptoms experienced by the model after the traumatic event, which was measured, like in the 

previous analysis, on Days 51-60.  
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To avoid any spurious effect in our analysis, two precautions were taken. First, the 

simulations in which the model was spontaneously ruminating over previous memories (U = 20, 

Table 4.2) before any traumatic event were excluded, since this condition would artificially warp 

the distribution of memory entropy and, thus, the predicted hippocampal volume. As a second 

precaution, the results of this simulation were analyzed separately for the different values of the 

cognitive control parameter, W (i.e., W = 4, 8, 12, Table 4.2). This was done to prevent 

Simpson’s amalgamation paradox [123] in examining our data, since higher values of cognitive 

control are likely to increase entropy (and thus, predicted hippocampal volume) before a PTE, 

but to decrease entropy and PTSD symptoms after it. 

The results of our analysis are presented in Figure 5.13. For each of the three cognitive 

control conditions, a significant negative linear effect was found (W = 4:  β = -0.11, t(3598) = -

23.0, p < .0001; W = 8:  β = -0.03, t(3598) = -16.9, p < .0001; W = 12: β = -0.02, t(3598) = -11.7, 

p < .0001). Thus, our results confirm that, as hypothesized, conditions that make the model 

vulnerable to significant PTSD symptoms following a traumatic event do have a significant 

tendency to manifest themselves in the form of predicted smaller hippocampal volume. 

Furthermore, the values of the linear regression coefficients were significantly different across 

cognitive control conditions (p < .0001), suggesting that, as hypothesized, cognitive control 

plays a significant role in modulating the effect.     
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Figure 5.13. Hippocampal volume as a potential risk factor for PTSD. Changes in hippocampal 

volumes (measured as percentage differences from baseline) were negatively associated with the 

severity of PTSD symptoms following the PTE. As in Fig. 4, points corresponding to the initial 

baseline condition I =1 are concentrated on the axis origin (0, 0) and omitted for clarity. 

5.5.2 Functional Connectivity 

A similar analysis to Figure 5.11 was conducted for the predicted functional connectivity 

between the medial prefrontal cortex and the hippocampus. Functional connectivity was defined 

as the degree of similarity between retrieved memories and current context and is visualized in 

Figure 5.14. Because, in our simulations, the similarity between the traumatic memory and the 

context is experimentally manipulated as the factor C, this analysis was restricted to the subset of 



74 

 

 

simulations in which C = 0. The results showed that the simulated traumatized control group’s 

runs (in which the model that were exposed to trauma but successfully recovered) exhibited 

significantly greater functional connectivity (M = 0.53, SD = 0.20) than the simulated PTSD 

group (M = 0.12, SD = 0.15; Welch two-sample test, t(722.86) = 39.84, p < 0.0001). 

 

Figure 5.14. Predicted changes in functional connectivity between ventromedial PFC and 

hippocampus, divided by the simulated group of patients. In the violin density plots (bottom), 

points represent means and error bars represent standard deviations. 

5.6 FEAR OVERGENERALIZATION 

Figure 5.15 illustrates the probability of a startle response, P(startle), for three 

hypothetical levels of startle intensities I(AX+) (i.e., ΔA, Eq. (4.11)), and at varying levels of log 



75 

 

 

I(¬m). Values for ΔA were selected to be proportional to the magnitude of the startle response 

observed in control, Low and High PTSD groups from Jovanovic et al. 2009, Figure 2 [48]. The 

increasing value of log I(¬m) represents the increases in intensity I of a traumatic memory, 

and/or an increase in the number of memories that have an elevated intensity value. The gray 

shaded areas represent the area of enhanced generalization for each condition. In this area, the 

probability of retrieving a shock stimulus and thus produce a startle response, is greater than 

what would be expected if no traumatic memory was present (i.e., when log I(¬m) = 0). 

 

Figure 5.15. Theoretical startle probabilities for Low PTSD (red curve), High PTSD (purple curve) 

and control (blue point) conditions as a function of the average intensity of all non-task memories 

I(¬m).  

 

For the Low and High PTSD conditions (red and purple curves, Figure 5.15), we see that 

as the value of log I(¬m) increases from 0 to about 1, there is an increase in the probability of 

retrieving a startle response as expected. For larger values of log I(¬m), however, we see the 
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counterintuitive result that the probability of a startle response levels off and begins decreasing. 

In our model, this is due to the simultaneous increase in the probability of retrieving a traumatic 

memory, instead of the task relevant memory, as log I(¬m) increases. In these circumstances, the 

traumatic memory ‘intrudes’ during the task in the presence of every stimulus. For the Control 

condition (blue point, Figure 5.15), log I(¬m) = 0, and the value of P(startle) is 1.08. 

The simulated results for the task presentation of a novel compound stimulus AB are 

shown in Figure 5.16. As predicted, the model produces an increase in the average percentage of 

startle responses for the presentation of the AB stimulus as the intensity and/or number of the 

traumatic memories increases (i.e., the average value of log I(¬m) increases). 

 

 

Figure 5.16. Average percent of startle responses that occurred in the model as a function of the 

PTSD symptom severity, i.e., the average intensity of all non-task memories I(¬m). 

 

The simulated results for the presentation of the AX, BX, AB, and noise alone (NA) 

conditions to control, low, and high PTSD symptom groups are shown in Figure 5.17. Values for 
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the control group are calculated with log I(¬m) = 0, values for the low-symptom group are 

calculated with log I(¬m) = 0.65, and values for the high-symptom group are calculated with log 

I(¬m) = 0.89. As predicted, the model produces an increase in the average percentage of startle 

response for each condition as PTSD symptom severity increases. 

 

 

Figure 5.17. average percentage of startle response for a control group, and low and high symptom 

PTSD groups. Generally, we see that the average percentage of startle responses increases with 

symptom severity. 

 

Figure 5.18 shows the percent potentiation of the startle response to the AX, BX, and AB 

conditions for each of the control, low, and high PTSD symptom groups. Percent potentiation 

was calculated as the startle response to AX, BX, or AB trials normalized to the NA condition 

for each group. Values for the control condition are calculated with log I(¬m) = 0, values for the 
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low-symptom group are calculated with log I(¬m) = 0.65, and values for the low-symptom group 

are calculated with log I(¬m) = 0.89. 

 

 

Figure 5.18. Normalized the startle response for AX, BX, and AB conditions to Noise alone to 

give the percent potentiation of the startle response to each condition. 

 

Compared to what is seen in the literature [48] two key differences arise. First, the scale 

in Figure 5.18 is lower in magnitude, which is most likely due to the magnitude of the NA 

condition being higher than what is seen in the literature (Figure 5.17). Secondly, each group has 

an unexpected response to the AX condition. We expect to see AX potentiate a startle response 

more than all other conditions, even for controls, but in our model, this is not the case. 
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Chapter 6. DISCUSSION 

In this thesis, I have described a computational model of intrusive memories following a 

traumatic event. The model is rooted in the rational analysis framework of human memory [4] 

and accounts for the insurgence of traumatic memories as a consequence of the additional 

activation boost that their emotional intensity confers. The model correctly predicts a number of 

behavioral findings, including the frequency of intrusive memories after the traumatic event and 

the effects that external and idiographic factors have on individual recovery trajectories. 

Additionally, the model also predicts a reduction in the size of the hippocampus and a reduction 

in the functional connectivity between prefrontal cortex and the hippocampus as a consequence 

of the persistence of intrusive memories. To the best of our knowledge, this is the first model to 

provide such a large coverage of neuroimaging and clinical findings.  

The model predictions are noteworthy not only in extent but also in detail. The use of a 

realistic memory model and extended simulation times allow for detailed day prediction of the 

occurrence of intrusive memories under different contexts. In doing so, the work significantly 

tests the reach of the ACT-R declarative memory model to a timescale many orders of 

magnitudes larger than that of the simple laboratory tasks it was designed for. The fact the model 

could run and produce meaningful and realistic results on this extended timescale, even when the 

parameters were left unchanged (as was the case of the decay rate d), testifies to the robustness 

of this model. Such modeling over days, weeks, months, and years will be needed to extend this 

work to clinical applications. 
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6.1 LIMITATIONS 

One of the main limitations of the model is the narrow way in which it captures learning. 

In our model, learning only occurs as a function of the general laws that govern memory decay 

over time, such as the power law of forgetting and the effects of recency and frequency. In 

contrast, previous models have focused on fear avoidance and learned cued associations [3], both 

of which were captured and expressed in terms of reinforcement and associative learning, 

respectively. Although our results show that the laws of memory decay and their modulation by 

emotion go a long way to capture a variety of behavioral and neurological phenomena, the 

effects of associative learning should not be discounted and certainly play an important role. For 

example, clinical psychotherapeutic interventions for PTSD are both successful and largely 

based on the associative tenets of fear learning and extinction [124–126]. Thus, these two 

approaches to modeling PTSD should not be taken as mutually exclusive, but as two different 

venues that focus on different facets of the disorder. 

A related limitation is that our model addresses only intrusive memories per se but does 

not address the emotional and arousal states associated with intrusive memories, nor does it 

capture the behavioral changes that are associated with them. Intrusions themselves are not 

pathological and can differ on both frequency and distress. While frequency and distress are 

likely highly associated, it is possible to have intrusions without distress, with the latter not being 

pathological. Further, patients suffering from PTSD often report persistent anxiety and distress 

and modify their routines to actively avoid triggers. These changes have been previously 

addressed by the associative type of computational model [51] but are outside the reach of the 

model presented herein.  
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A word of caution should be also spent in comparing the model’s behavioral predictions 

against the empirical data. This is because the samples involved in different studies are highly 

heterogeneous, varying significantly in the type of traumatic event and the time between the 

event and subsequent measurements. Our model captures the heterogeneity of the events only 

within a bidimensional space (intensity I and similarity to everyday context C), but it is likely 

that other dimensions might be needed to explain, for example, the differential effects of 

interpersonal trauma exposure and participation of sectarian violence [127]. Similarly, our model 

only captures the dynamics of recovery within a limited timeframe of two months, but different 

studies have reported data collected much beyond that horizon, and up to 20+ years after the 

traumatic event. 

Another limitation of our model is that parameters are not allowed to vary as a function 

of trauma exposure or memory content. For example, the model currently assumes that an 

individual’s cognitive control, or working memory capacity (captured by the parameter W), 

remains stable after the PTE, while experimental evidence suggests that it might be compromised 

by exposure to trauma [128]. 

Perhaps most remarkably, the parameter d, which controls the degree of memory decay 

and forgetting, was kept constant not only within but also across simulations. This choice was 

motivated by the fact that little is still known about individual differences in forgetting (although 

work quantifying such differences has recently been done: [73,74,129] and, as a consequence, 

not much is known about the interaction between forgetting and intrusive memories. 

Nonetheless, because of its critical role in determining the frequency of intrusive memories, 

future work should include careful examinations of the role of this parameter.    
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The most common explanation for the reduction of hippocampal volume is that 

prolonged stress leads to hippocampal damage, for example through the accumulation of stress-

related hormones like cortisol. However, as noted by Garfinkel and Liberzon [130], cortisol 

levels are not universally or consistently elevated in individuals with PTSD; indeed, potentially 

even suppressed [131,132]. The model’s estimates, instead, rely on a different logic, namely, that 

the hippocampus size reflects the landscape of memory availability and that, in PTSD, the 

dominant availability of the traumatic memory implicitly causes a reduced number of 

hippocampal cells and synapses devoted to storing memory information. 

Finally, one last limitation that needs to be acknowledged is the duration of the 

simulations after the PTE. Because of their computational demands, our simulations only 

extended to 60 days after trauma. Clinical consensus suggests that trajectories would stabilize at 

a later time period (> 90 days). Because of this, our algorithm for trajectory classification takes 

into account the ascending or descending trend in the number of traumatic memory intrusions, 

rather than testing for a complete recovery at the endpoint. This fact might explain the 

paradoxical results of Figure 5.5, where the Recovery trajectory seems to increase, and the 

Delayed and Chronic trajectories decrease with the intensity IPTE of the traumatic event. Thus, an 

extended simulation horizon in which the number of intrusive memories after three or more 

months would likely yield better and more reliable estimates of the trajectories. 

6.2 CONCLUSIONS 

These limitations notwithstanding, we believe that this computational model represents a 

first and important step into better understanding the nature of traumatic memories and their 

relationship to posttraumatic stress disorder and memory processing. Models such as this have 

the ability to manipulate parameters identified in the clinical literature and link them to 
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behavioral and neurobiological effects, showing and confirming functional relationships that 

simply are not possible to manipulate in the real world.  Critically, they have the ability to 

capture and model dynamic retrieval processes characterized by episodic event 

processing.  Indeed, strong predictors emerged.  Both higher traumatic event severity and 

congruence with the current environment resulted in higher intrusions of traumatic 

memories.  Similarly, lower cognitive control and higher post-event unproductive processing and 

rumination also resulted in more intrusive memories.  These results converge with the clinical 

literature and their emergence from a functional computational model of memory argues beyond 

simply Granger causality, moving the field towards the understanding these factors likely have 

causal properties in psychiatric disorders.  

Future studies using ACT-REM will help to determine the strength of causal links 

between environmental and idiographic factors and clinical mental health outcomes. Objective 

cognitive tasks and assessments can be used to determine individual values for model parameters 

such as environmental congruency (did the PTE occur in a novel or familiar environment?), 

cognitive control and executive functioning, memory decay rate, PTE intensity and vividness of 

re-experiencing, and frequency of unproductive processing. These features can then be 

monitored over time in relation to treatment progression and symptom severity. Furthermore, any 

one of these model parameters could be improved or changed in patients to assess their specific 

impact on PTSD symptoms and recovery, and to further validate the model. Targeted 

neuromodulation, via neurostimulation techniques such as transcranial magnetic stimulation 

(TMS) or deep brain stimulation (DBS), offers researchers the opportunity to isolate individual 

brain regions and their cognitive functions. This sort of targeted exploration will help to 

determine whether improving one cognitive feature is more effective than others in aiding 
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recovery from PTSD. Specifically, I expect that improvement in cognitive control, via training 

tasks or targeted neuromodulation, would have the largest impact and result not only in improved 

PTSD outcomes, but simultaneous improvement in other parameters such as memory decay rate, 

vividness of re-experiencing, and frequency of unproductive processing. 

 Finally, this model might have relevant impacts in clinical mental health treatment. 

Despite remarkable advances, the field of computational psychiatry [60,133,134] has fallen short 

of the possibility of delivering individually parametrized models that could be realistically used 

to aid in treating patients.  However, the degree of detail and realism achieved by the simulations 

presented in this thesis, in both their timescale and the detail of behavioral and neural 

predictions, make it possible to consider using this model in realistic mental health applications. 

For example, this model could be calibrated on individual patient data and provide mobile health 

recommendation, data collection, and monitoring [135,136]. This patient specific information 

would be a game changer for disorders like PTSD. In the immediate aftermath of a potentially 

traumatic event, patients who are most likely to have chronic or severe psychopathology can be 

identified and triaged, thereby reducing the time it takes to receive appropriate psychological 

intervention and improving treatment outcomes. This sort of computational psychiatry is an 

exciting avenue for future research because early and individualized assessment for PTSD has 

been elusive in the field and barriers to receiving early intervention are high, despite how 

debilitating symptoms of PTSD can be [137]. 
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