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Abstract 

 

Introduction: Posttraumatic stress disorder (PTSD) is a mental health disorder caused by 

experiencing or witnessing traumatic events. Recent studies show that patients with PTSD have 

an increased risk of developing dementia, including Alzheimer’s disease (AD), but there is 

currently no way to predict which patients will go on to develop AD. The objective of this study 

was to identify structural and functional neural changes in patients with PTSD that may contribute 

to the future development of AD. 

Methods: Neuroimaging (pseudo-continuous arterial spin labelling [pCASL] and structural 

magnetic resonance imaging [MRI]) and behavioral data for the current study (n = 67) were taken 

from our non-randomized, open label clinical trial (ClinicalTrials.gov Identifier: NCT03229915) 

for treatment-seeking individuals with PTSD (n = 40) and age-matched healthy controls (HC; n = 

27). Only the baseline measures were utilized for this study. Mean cerebral blood flow (CBF) and 

grey matter (GM) volume were compared between groups. Additionally, we utilized two 

previously established machine learning-based algorithms, one representing AD-like brain activity 

(Machine learning-based AD Designation [MAD]) and the other focused on AD-like brain 

structural changes (AD-like Brain Structure [ABS]). MAD scores were calculated from pCASL 

data and ABS scores were calculated from structural T1-MRI images. Correlations between 

neuroimaging data (regional CBF, GM volume, MAD scores, ABS scores) and PTSD symptom 

severity scores measured by the clinician-administered PTSD scale for DSM-5 (CAPS-5) were 

assessed. 
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Results: Decreased CBF was observed in two brain regions (left caudate/striatum and left inferior 

parietal lobule/middle temporal lobe) in the PTSD group, compared to the HC group. Decreased 

GM volume was also observed in the PTSD group in the right temporal lobe (parahippocampal 

gyrus, middle temporal lobe), compared to the HC group. GM volume within the right temporal 

lobe cluster negatively correlated with CAPS-5 scores and MAD scores in the PTSD group. 

Conclusion: Results suggest that patients with PTSD with reduced GM volume in the right 

temporal regions (parahippocampal gyrus) experienced greater symptom severity and showed 

more AD-like brain activity. These results show potential for early identification of those who may 

be at an increased risk for future development of AD.  
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Chapter 1- Introduction 

Posttraumatic stress disorder (PTSD) is a mental health disorder caused by experiencing or 

witnessing traumatic events that include exposure to actual or threatened death, serious injury, or 

sexual violence (American Psychiatric Association, 2022;Merians et al., 2023). Symptoms consist 

of intrusive memories, avoidant behaviors, increased anxiety, and flashbacks (Brewin, 

2013;American Psychiatric Association, 2022). A recent study has shown that 63% of Canadians 

above the age of 18 will likely experience at least one traumatic event and that approximately 7% 

of Canadians will screen positive for PTSD during their lifetime (Statistics Canada, 2021). 

Prevalence rates appear similar across the United States (Schein et al., 2021;Raut et al., 2022). 

This risk of PTSD increases in vulnerable populations including: women (Resnick et al., 1993), 

military personnel (Yehuda et al., 2015), first responders (Lewis-Schroeder et al., 2018) and health 

care workers (Carmassi et al., 2020). As the population grows, the impact of PTSD will continue 

to increase—understanding this disorder and its neurobiological impact will be increasingly 

important for treatment. 

PTSD is categorized as a Trauma- and Stressor-Related Disorder and does not have a clear 

neurobiological cause; yet, emerging evidence suggests that PTSD predisposes individuals to 

developing dementia later in life (Yaffe et al., 2009;Monfort and Trehel, 2017;Desmarais et al., 

2020;American Psychiatric Association, 2022). In fact, it has been suggested that the increased 

risk of developing dementia following a PTSD diagnosis is 1.5 to 2-fold compared to people 

without PTSD (Günak et al., 2020;Song et al., 2020). The increased risk of dementia in PTSD 

spans a variety of diagnoses including frontotemporal dementia, vascular dementia, and 

Alzheimer’s disease (AD) (Mohlenhoff et al., 2017). The present study focuses on the most 
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prominent cause of dementia (AD), which accounts for approximately 70% of all dementia cases 

(Moya-Alvarado et al., 2016).  

In contrast to PTSD, which can occur at any age but on average begins in young adulthood 

to middle-age, AD symptoms typically present at around age 65 (Awada, 2015). The biggest risk 

factor for developing AD is age—47% of people tested above the age of 85 had probable diagnoses 

of AD (Evans et al., 1989). PTSD and AD share common symptoms including negative changes 

in mood and cognition, personality changes, memory difficulties and alterations in arousal or 

reactivity symptoms (Lancaster et al., 2016;Weller and Budson, 2018). A recent study suggests 

that PTSD symptom severity is associated with accelerated cognitive decline, a leading symptom 

of AD (Prieto et al., 2023).  

Although the neurobiological underpinnings of PTSD have been difficult to isolate, a 

recent meta-analysis identified several brain regions that have been shown to have reduced grey 

matter (GM) volume, including the medial frontal gyrus, posterior cingulate gyrus, hippocampus, 

amygdala, prefrontal cortex (PFC), and insula (Siehl et al., 2023). Furthermore, significant 

correlations have been observed between increased PTSD symptom severity and decreased GM 

volume within the temporal lobe, and most commonly in the hippocampus (Gilbertson et al., 

2002;Villarreal et al., 2002;Harnett et al., 2020). Interestingly, AD also typically shows 

neurodegeneration in the medial temporal lobe, hippocampus and amygdala (Frisoni et al., 

2010;Vemuri and Jack, 2010;Deture and Dickson, 2019;de Flores et al., 2022;Kim et al., 2022). 

In addition to these memory-related brain regions, AD can also be characterized by decreased 

activity (cerebral blood flow (CBF) or metabolism) in the frontal and posterior cingulate cortex 

(Syed et al., 1992;Alsop et al., 2000;Roher et al., 2012;Ortner et al., 2019;Thakur and Snekhalatha, 

2022) which are also commonly found in PTSD (Schuff et al., 2011;Garip and Ozdemir, 
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2013;Zandieh et al., 2016;Soncin et al., 2022). These overlapping neuroimaging findings may 

point to a mechanism for the increased risk of AD following a PTSD diagnosis.  

Currently, no biomarkers are available to identify which patients with PTSD will progress 

to AD. This study explores different neuroimaging modalities to investigate possible neural 

biomarkers of dementia in a high-risk population. In this study, we characterize GM volume and 

CBF differences between PTSD and healthy control (HC) groups, then apply two machine learning 

algorithms across two neuroimaging modalities to estimate AD-like Brain Structure (ABS) scores 

(Beheshti et al., 2017) and AD-like activity pattern (Machine learning-based AD Designation 

[MAD]) scores (Katako et al., 2018) in PTSD. MAD scores indicate how similar a patient’s brain 

activity is to AD patterns of brain activity—the higher the score, the greater the similarity. The 

MAD algorithm was originally trained using fluorodeoxyglucose (FDG) positron emission 

tomography (PET) data of 94 patients with AD and 111 age-matched HC from the AD 

Neuroimaging Initiative (ADNI; http://adni.loni.usc.edu/) database. MAD has been shown to be 

compatible with CBF images derived from perfusion SPECT (Katako et al., 2018) and pCASL 

data (Wright et al., 2020). Furthermore, MAD scores have been shown to increase over time only 

in patients with mild cognitive impairment (MCI) who later progress to dementia—MAD scores 

of patients with stable MCI remained stationary (Beheshti et al., 2022). Finally, MAD scores were 

also elevated in patients with epilepsy experiencing cognitive decline, compared to cognitively 

intact patients with epilepsy (He et al., 2023), suggesting its utility in identifying at-risk individuals 

with comorbidity.  

  

http://adni.loni.usc.edu/
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Chapter 2- Background 

Machine learning and artificial intelligence are emerging fields of interest and innovation 

among the medical field. The goal of this study is to investigate PTSD and identify possible neural 

markers that may indicate an increased risk of developing dementia, using machine learning 

techniques. To better understand the context of the results, we must first understand the basics of 

magnetic resonance imaging (MRI), as well as the specific MRI modalities we will be using, 

following by the disorders themselves. 

2.1 Magnetic Resonance Imaging 

MRI is a non-invasive imaging technique that is widely used across the clinical and 

research fields to identify structural and functional abnormities within the human body. Common 

neural structural abnormalities that can be identified using MRI include tumors, cysts and changes 

in brain volume. To begin generating an MR image, the subject lies within a strong magnetic field 

which causes most protons (i.e., hydrogen atoms) in their body to process (rotate and spin) about 

the applied magnetic field, at a specific frequency (Passingham and Rowe, 2016). Then, 

radiofrequency (RF) pulses are applied to disrupt this low energy, equilibrium state in a specific 

manor—the RF pulse ‘knocks’ protons out of alignment with the external magnetic field and into 

a higher energy, anti-parallel state (Passingham and Rowe, 2016). Naturally, over time, the protons 

lose the energy given by the RF pulse, which results in a signal that can be detected by coils in the 

MR machine. Importantly, different tissues types (GM, white matter [WM], cerebrospinal fluid 

[CSF], blood, etc.) have different inherent magnetic properties, which affects how long the it takes 

the protons to ‘relax’ to the lower energy state, thus allowing researchers to be able to distinguish 
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between these tissue types (Passingham and Rowe, 2016). Typically, T1-weighted MRIs are used 

to visualize and analyze the tissue density of GM, WM, and CSF within the brain. 

Functional MRI (fMRI) is a common method used in neuroscience research and clinical 

neurology as a proxy for measuring brain activity and relies on blood flow. As such, fMRI can be 

used to identify locations in the brain that process information about sensation, motor control and 

cognitive functions. The most common and well-known method for identifying blood flow patterns 

is using the blood oxygen level dependent (BOLD) signal where relative changes in blood flow 

may indicate neuronal activity. The concept of BOLD is well established by the neurovascular 

coupling hypothesis which states that rapid increases in CBF correlates with increased neuronal 

activity (Drew, 2022).  

In contrast to this method, another fMRI technique that can non-invasively estimate CBF 

is arterial spin labeling (ASL) (Petcharunpaisan, 2010;Chen et al., 2015). ASL techniques use RF 

pulses to invert free water protons at the base of the brain (Ho, 2018). Recent advances pertaining 

to ASL techniques have begun improving quality and quantitative determination of perfusion data. 

One of the first methods derived from ASL was continuous ASL(CASL) which applied 

continuous, low amplitude RF-pulse, although a novel method at the time it is not used anymore 

because of the low inversion efficiency (Haller et al., 2016). Inversion efficiency is important for 

being able to quantify perfusion measurements (Maccotta et al., 1997). This disadvantage led to 

the creating of pulsed ASL(PASL) which applies a pulsed RF, the limitation with PASL is the low 

signal to noise ratio and is sensitive to tag dispersion (Dolui et al., 2017).  Pseudo continuous ASL 

(pCASL) is a hybrid approach that combines continues ASL (CASL) and pulsed ASL (PASL) 

advantages (Ho, 2018). In a 2017 study that contrasted these various techniques, pCASL improved 

the sensitivity of ASL over PASL (Dolui et al., 2017). They also determined that pCASL was able 
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to show the highest discrimination between healthy control and MCI groups and provided 

comparable discrimination to positron emission tomography (PET) (Dolui et al., 2017). This is 

significant because it signifies that pCASL may provide an alternative non-invasive method for 

determining relative metabolic results without IV injection and can be obtained during typical MR 

routines.  

2.1.1 T1-weighted Images and Voxel-based Morphometry 

The most common way to identify structural abnormalities within the brain using MRI is 

by using T1-weighted images. Two important concepts that determine the weighting of an MR 

image are relaxation times (TR) and echo times (TE). TR refers to the amount of time between 

successive RF pulses while TE refers to the time between the RF pulse and the when the signal is 

read. By manipulating these parameters, we can obtain differently weighted images which yield 

different neurologically relevant data (Passingham and Rowe, 2016). T1-weighting uses a short TE 

and a short TR to produce the image (Passingham and Rowe, 2016). The defining characteristics 

of identifying a T1-weighted brain image is that the GM will be darker than the WM, making 

visualization of GM abnormalities easier to see (Passingham and Rowe, 2016). T1-weighted 

images will enhance the signal of fatty tissue and suppresses the signal of the water (Kawahara 

and Nagata, 2021). More specifically, fatty tissue will appear white or bright and fluid will appear 

dark—in the case of the brain, that will be CSF (Kawahara and Nagata, 2021). For our study, this 

is important because we want to focus on grey matter changes and identifying any potential loss 

of GM (possibly indicating atrophy) in PTSD. 

In order to analyze brain imaging results and compare them to various groups, wewill be 

using a specific tool throughout this study called voxel-based morphometry (VBM). VBM allows 
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me to analyze whole-brain structure in voxel-by voxel comparisons (note: a voxel is essentially a 

3D pixel). Using VBM, I will be able to compare GM, WM and CSF between subject groups to 

identify if there are any volumetric differences, potentially indicating neurodegenerative 

processes. In order to identify any volumetric changes between PTSD and HC groups, these T1-

weighted images will be pre-processed and analyzed using Statistical Parameter Mapping (SPM, 

version 12; Welcome Trust Center for Neuroimaging, London, UK: available at: 

http://www.fil.ion.ucl.ac.uk/spm) and CAT12 (https://neuro-jena.github.io/cat12-help/) software, 

implemented in MATLB R2022a (Beheshti and Demirel, 2016). 

2.1.2 Pseudo-Continuous Arterial Spin Labeling 

The imaging sequence pCASL is an emerging, non-invasive MRI technique allowing 

researchers to investigate CBF patterns, providing information regarding neural functioning. To 

measure CBF, pCASL uses magnetically-labeled arterial blood water as an endogenous tracer—a 

train of rapid, short RF pulses is used to label blood water, which then moves throughout the brain 

(Nezamzadeh et al., 2010;Dolui et al., 2017). As the blood travels further from the RF pulses, the 

energy begins to decay, and the lower energy magnetic relaxation state is reached in much the 

same way as general MRI. One limitation to pCASL imaging is that it can only magnetically label 

arterial blood water and measure CBF patterns (Borogovac and Asllani, 2012;Haller et al., 2016). 

This limits pCASL from specifically analyzing proteins or other molecules that are common 

markers in neurological disorders i.e., Tau protein in AD (Chen et al., 2022). Despite this identified 

limitation, it has also been well established in the neuroimaging field that pCASL and PET are 

comparable in relation to CBF values and glucose metabolism (Musiek et al., 2012;Verclytte et 

al., 2016;Dolui et al., 2020). Importantly, an earlier PET study used radioactively labelled water 

http://www.fil.ion.ucl.ac.uk/spm


18 

 

to estimate CBF directly, which is similar to the method that pCASL is based on (Zimmer and 

Luxen, 2012). These results are important as they show  the direct comparison between PET and 

pCASL . From a clinical standpoint, these results are encouraging as PET scans are 1) more 

invasive due to the injection of a radiotracer, and 2) more expensive while pCASL is a safer/more 

tolerable and less expensive modality for obtaining highly similar data is welcome both for clinical 

and research purposes. Importantly, it has been shown that pCASL imaging is sensitive to regional 

alterations in brain function for patients with AD (Dolui et al., 2017). This imaging technique 

provides a non-invasive way of measuring perfusion patterns; further research is needed in the 

application of this technique in more patient groups with varying diseases to confirm its specificity 

and sensitivity. My study will apply pCASL imaging to participants with PTSD, further advancing 

this research.  

2.2 Posttraumatic Stress Disorder  

Mental health disorders are categorized and diagnosed using the Diagnostic and Statistical 

Manual of Mental Disorders, 5th edition (DSM-5). PTSD is typically caused by first-hand 

involvement of a traumatic event or by witnessing/hearing a traumatic event. Traumatic events can 

be subjective and vary among person to person, the most common examples of traumatic events 

include sexual assault/violence, the death of a family member or a close friend and serious injury 

(O'Donnell et al., 2017;Weathers et al., 2018). PTSD can cause a wide range of symptoms with 

varying levels of effects on daily life activities. PTSD symptoms are grouped into four clusters: 

re-experiencing , avoidance, negative cognition and mood, and arousal and reactivity (American 

Psychiatric Association, 2022). The gold-standard for diagnosing PTSD is the use of the Clinician-

Administered PTSD Scale for the (CAPS-5; DSM-5) (Weathers et al., 2018;American Psychiatric 
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Association, 2022). This scale will be used throughout my study as an objective value to describe 

a person’s symptom severity. More specifically, meeting the diagnostic criteria for PTSD includes 

experiencing symptoms for longer than one month and having them interfere with daily life tasks 

and create daily distress (Weathers et al., 2018;American Psychiatric Association, 2022). 

Currently, it would be very rare for a physician to perform a neuroimaging test (MRI) to identify 

PTSD markers within the brain. However, PTSD is also characterized by altered brain network 

functioning(Hinojosa et al., 2024). Common MRI abnormities seen are associated with the anterior 

cingulate, amygdala, hippocampus, and insula within the brain when compared to age matched 

healthy controls (Kunimatsu et al., 2020). More specifically, previous research suggests that there 

is increased perfusion in the region associated with the limbic system in PTSD patients and 

decreased perfusion in the superior frontal gyrus and parietal and temporal regions (Chung et al., 

2006). My study will use a combination of symptom severity and MRI results to interpret PTSD 

diagnostic factors.  

Treatments for PTSD focus on helping the patients manage and cope with the symptoms, 

restructure their thoughts and change maladaptive beliefs to help patients reduce daily life impact. 

Common treatments used include psychotherapy (e.g.,Cognitive Behavioral Therapy, Cognitive 

Processing Therapy, Prolonged exposure and Eye Movevement Desensitization Therapy), 

medication (antianxiety or antidepressants), or a combination of the two (Schrader and Ross, 

2021). There has been a proven success rate of managing symptoms associated with PTSD; 

however, the neurological impacts on the brain and possible reversal of altered neural functions 

still need to be further investigated(Hinojosa et al., 2024).  
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2.3 Alzheimer’s Disease 

AD is the most common cause of dementia, an age-related disease associated with the 

decline of memory and cognition (Knopman et al., 2021). AD severity and progression varies 

between patients (Weller and Budson, 2018;Knopman et al., 2021). Interestingly, clinical 

manifestations such as memory loss symptoms and neurobiological factors of AD are common 

methods to categorize/diagnosis AD (Mckhann et al., 2011). However, the only definitive 

diagnosis is an autopsy which is why AD is a very complicated disease to have a 100% diagnostic 

confirmation. Common biological markers for AD include increased beta-amyloid plaques and 

hyperphosphorylated tau protein tangles in the brain (Weller and Budson, 2018). These 

neurological findings can be identified by using neuroimaging modalities like PET which can be 

used to tag desired biological proteins like beta-amyloid and tau proteins (Deture and Dickson, 

2019). AD can additionally be characterized by decreased CBF in a variety of areas associated 

with memory, including frontal, posterior cingulate cortex and temporal lobe/hippocampus (Syed 

et al., 1992;Alsop et al., 2000;Asllani et al., 2008;Roher et al., 2012;Ortner et al., 2019;Thakur and 

Snekhalatha, 2022). Blood flow changes can also be assessed using pCASL—some common 

findings using this modality include decreased CBF patterns in the right caudate nucleus, left 

hippocampus, right parietal grey matter, right corpus collosum and right insula (Wolk and Detre, 

2012;Wang et al., 2013;Camargo and Wang, 2021;Duan et al., 2021;Wang et al., 2022). Lastly, 

the use of MRI to identify structural abnormalities, mainly found in the temporal 

lobe/hippocampus, have also been used as a diagnostic marker (de Flores et al., 2022). 

Interestingly, despite neuropathic and clinical features, AD can still be misdiagnosed or 

undiagnosed (Beach et al., 2012). An improvement in AD diagnostics and the discovery of 

identifiable risk factors is greatly needed—this need may be filled in the future using machine 
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learning technology. It is important to state that despite AD being a prominent clinical research 

topic, the cure for AD remains elusive, and identifying risk factors and patterns is an important 

area of research for early disease modification and prevention.  

2.4 PTSD to AD progression 

The progression from PTSD to AD is a emerging area of research due to the increasing 

number of similarities that are being identified through neuroimaging studies. PTSD is a mental 

health disease and AD is primarily categorized as a disease of neurodegeneration. However, 

emerging investigations are identifying the possibility that PTSD predisposes the development of 

dementia (Yaffe et al., 2009;Monfort and Trehel, 2017;Desmarais et al., 2020). More specifically, 

this predisposition of PTSD has been suggested that the increased risk of developing dementia is 

1.5 to 2-fold (Günak et al., 2020;Song et al., 2020). 

While dementia is diagnosed by neurobiological and symptom profiles, PTSD diagnoses 

are given strictly by psychiatric symptoms as underlying neurobiological sequalae are not clearly 

defined. Interestingly, studies have shown the patients who have higher symptom severity 

associated with PTSD were more likely to have high cognitive decline in later ages which is a 

hallmark characteristic of dementia (Nilaweera et al., 2020;Prieto et al., 2023). Similarities of 

neurobiology between PTSD and AD are under frequent investigation to aid in better 

understanding the increasing risk of neurodegenerative diseases. 

Neuroimaging studies of PTSD tend to show decreased CBF in the temporal lobe, 

hippocampus, frontal cortex, posterior cingulate cortex, and most commonly limbic regions which 

have a cognitive focus of memory (Schuff et al., 2011;Garip and Ozdemir, 2013;Zandieh et al., 

2016;Soncin et al., 2022). Neuroimaging studies investigating AD also show decreased CBF in 
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the temporal regions commonly associated with memory (Desmarais et al., 2020). These results 

may possibly show another interesting overlap between AD and PTSD because of the overlap in 

regions associated with memory deficits.  

While a cure for dementia remains elusive, identifying those at risk of developing dementia 

decades in the future is an important area of research—if the average age of developing PTSD and 

dementia respectively is 25 and 65, there are possibly 4 decades in which disease-preventing or 

modifying treatments can be utilized to impact disease progression. Unfortunately, to-date, there 

are no known neurological biomarkers available to identify which patients with PTSD will go on 

to develop dementia—this knowledge is crucial for developing timely disease-modifying 

treatments well before dementia onset.  

2.5 Machine Learning Algorithms 

Recent developments in machine learning have led to important advances in developing 

biomarkers for differentiating diseases that previously relied too heavily upon subjective 

interpretation (Katako et al., 2018;Wright et al., 2020;Beheshti et al., 2022;Wright et al., 2022;He 

et al., 2023). These predictive models may provide a non-invasive way to prognosticate patients 

and aid in identifying which patients are likely to respond to which intervention. The most common 

neuroimaging sequence used in machine learning is T1-weighted MRI (Burgos, 2023) because 

several features can be extracted, including regional or whole brain volumes, as well as density 

including GM, WM, CSF and cortical thickness (Rathore et al., 2017;Burgos, 2023). The 

application of machine learning to T1-weighted images has mostly been used in aiding the 

diagnosis of neurodegenerative disease like dementia, or more specifically, AD (Wen et al., 

2020;Burgos, 2023). AD is commonly used in machine learning studies as it is easy to highlight 
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atrophy and neuronal loss which is a common and well-established criterion of neurodegenerative 

diseases (Burgos, 2023;Odusami et al., 2024). 

Recently, our lab developed a MAD algorithm to differentiate those with AD-like brain 

metabolism from healthy brain metabolism (Katako et al., 2018;Beheshti et al., 2022). The MAD 

algorithm was originally trained using PET data using 94 patients with AD and 111 age-matched 

HC from the AD Neuroimaging Initiative database (ADNI; http://adni.loni.usc.edu/)(Katako et al., 

2018). MAD scores indicate how similar a patient’s brain activity is to AD brain patterns-higher 

the score, higher the similarity (Katako et al., 2018). Our research has shown the MAD algorithm 

is sensitive to healthy age-related brain changes and able to objectively distinguish between AD 

and HC like brain patterns (Katako et al., 2018). Previously, MAD has been applied to pCASL 

data to obtain AD-like brain activity similarity scores (Katako et al., 2018;Wright et al., 2020). 

MAD has also been used to assess longitudinal brain metabolic changes in the prodromal stage of 

AD to monitor progression from MCI (Beheshti et al., 2022). Results demonstrated that increasing 

MAD scores (AD-like brain metabolism) significantly correlated with patients who had cognitive 

decline based on mini-mental status examination (Beheshti et al., 2022).  

While the MAD algorithm assesses brain activity and its similarity to AD brain function, 

we will also be investigating brain structure patterns using machine learning. As stated, common 

machine learning techniques focus on the use of T1-weighted images to identify structural changes. 

Therefore, for a more holistic approach, we found it important to not only look at functional 

machine learning with MAD but pair this with a previously established structural machine learning 

algorithm (i.e., ABS)(Beheshti et al., 2017). To first replicate the ABS framework, we downloaded 

baseline structural MRI data of 402 HC and 284 AD participants from the ADNI dataset 

(https://adni.loni.usc.edu/). The HCs were confirmed to have no cognitive impairment or 

http://adni.loni.usc.edu/
https://adni.loni.usc.edu/
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neurological disorder as per ADNI criteria. To prevent any bias towards the majority class and 

lower the false negative rate in the prediction model, we chose 284 healthy controls at random 

from a group of 402. The ABS score effectively differentiated between AD patients and HCs in 

the training dataset using the 10-fold cross-validation method, achieving an accuracy of 92%, 

sensitivity of 89%, and specificity of 95%. Results were consistent on the validation set with an 

accuracy of 88%, sensitivity of 83%, and specificity of 83%. The novelty of looking at both 

structural and functional patterns using machine learning algorithms may create a new model for 

identifying neurodegenerative disease markers in a non-invasive and objective way.  
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Chapter 3- Objectives and Hypothesis 

3.1- Rationale 

Currently, no biomarkers are available to identify which patients with PTSD will progress 

to AD. In this study, we use machine learning across two neuroimaging modalities to identify AD-

like patterns of brain activity and structure in PTSD. This study will also allow us to identify which 

neuroimaging marker may be more effective for identifying AD-like disease progression: GM or 

CBF. We will also assess symptom severity (CAPS-5) scores and the relationship with GM and 

CBF to see if any trends arise. Identifying individuals with PTSD at risk for developing later AD 

will be crucial to ensuring the best outcomes for these patients and reducing the impact of AD in 

their lives. 

 3.2- Study Objective 

The objective of this study is to identify key anatomical and activity patterns that may relate 

to the potential increased risk of AD in patients with PTSD. I will be applying the MAD algorithm 

on pCASL data and ABS on T1-weighted structural MRI to measure brain patterns. These results 

will then be correlated with clinical symptom severity measures (CAPS-5) to identify the 

correlations that symptom severity has on CBF and structural differences. We will be able to 

objectively analyze differences in PTSD participants brain patterns compared to HC. To our 

knowledge, this is the first study to use machine learning to identify those with PTSD who may 

have AD-like brain patterns, which may predispose them to later AD development. 

3.3 – Hypothesis 

It has well been documented that PTSD patients have an increased risk at developing 

dementia compared to those without PTSD (Yaffe et al., 2009;Monfort and Trehel, 
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2017;Desmarais et al., 2020;Alves de Araujo Junior et al., 2023). Patients with PTSD tend to show 

reduced GM compared to the HC groups located in the middle temporal lobe and parahippocampal 

gyrus (Wrocklage et al., 2017;Crombie et al., 2021). Identifying these regions in a patient group 

younger than the average age of onset of AD may indicate a possible early regional overlap. I 

hypothesised that patients with PTSD would show more prevalent neuroimaging markers that are 

specific to AD, than age-matched HC using MAD and ABS algorithms.  
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Chapter 4- Experimental Design & Methods 

This study uses data from a clinical trial performed by the Ko Lab and applies two different 

machine learning algorithms to identify AD brain patterns. We will focus on the brain structural 

and activity markers that could be potentially contributing to the increased risk of AD development 

among the PTSD population. All participants underwent MRI scans and symptom severity 

measures (CAPS-5 scores) and met inclusion and exclusion criteria. Prior to this study none of the 

patients had the diagnosis of AD.  

4.1 Participants 

A total of 67 participants aged 18-65 were recruited for the open-label, non-randomized 

parallel clinical trial (ClinicalTrials.gov Identifier: NCT03229915)—only baseline data were used 

for the present study. Two groups were included in this study: PTSD (n = 40) and HC (n = 27). 

Patients in the PTSD group were treatment-seeking individuals who had experienced a criterion: 

A traumatic event. The HC group consisted of trauma-naïve (TNC; n = 15) and trauma-exposed 

(TEC; n = 12) participants; due to low sample size TEC and TNC groups were pooled. TEC 

participants met CAPS-5 Criterion A (i.e., exposure to a traumatic event), while obtaining a CAPS-

5 total severity score of ≤ 5. Demographic data are provided in Table 1. 

Exclusion criteria for all participants included substance dependence not in remission for 

at least 3 months, uncontrolled bipolar or psychiatric disorder, history of panic attacks, heart 

disease, respiratory distress, or neurological conditions including traumatic brain injury (TBI), as 

well as any MRI contraindications (e.g., metal implants or pregnancy). The CAPS-5 interview was 

administered to all participants to assess PTSD diagnosis and symptom severity (see Table 1). This 

study was approved by the Biomedical Research Ethics Board of the University of Manitoba and 
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performed according to regulations. Participants provided written informed consent prior to 

participating in the study and received an honorarium for their time.  

4.2 MRI  

4.2.1 MRI Sequence Acquisition 

MRI scans were acquired from all participants to investigate brain structure and function. 

Scans were acquired using a 3 Tesla, 12-channel Siemens MAGNETOM Verio MRI scanner 

(Erlangen, Germany) at the Kleysen Institute for Advanced Medicine in Winnipeg, Canada. 

Imaging acquired during each session included an anatomical T1-weighted scan (MPRAGE 

sequence; TR/TE/TI = 2300/3.02/900 ms; flip angle = 9°; field view (FOV) = 256 mm x 256 mm 

with 1.00 mm x 1.00 mm x 1.00 mm resolution; 240 slices), a resting state functional T2*- weighted 

scan (scan duration = 11 minutes; results forthcoming elsewhere), and a pseudo-continuous arterial 

spin labeling scan (pCASL; TR/TE = 4000/12 ms; flip angle = 90°; FOV = 240 mm x 240 mm 

with 3.8 mm x 3.8 mm x 5 mm resolution; 90 volumes; 20 slices; slice thickness = 5; inter-slice 

gap = 1mm; labeling time = 2s; post label delay time = 1.2 s; bandwidth = 3 kHz/pixel). M0 images 

were also acquired (TR/TE = 8000/12 ms) to calibrate the pCASL images.  

4.2.2 Structural MRI Analysis 

Structural T1-weighted images were preprocessed using the CAT12.8.2 toolbox (r2170; 

https://neuro-jena.github.io/cat/index.html) using SPM12 software (version 6909, 

www.fil.ion.ucl.ac.uk/spm/). First, a robust bias correction was applied to the MRI scans to reduce 

intensity variations. Then, the scans were segmented into GM, WM, and CSF maps and spatially 

normalized into Montreal Neurological Institute (MNI) space (voxel size 1.5 mm x 1.5 mm x 1.5 

mm) using the DARTEL algorithm. Modulation was applied to keep the volume information 

https://neuro-jena.github.io/cat/index.html
http://www.fil.ion.ucl.ac.uk/spm/
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accurate. For VBM analysis, we smoothed the modulated GM images with an 8 mm3 full-width at 

half-maximum (FWHM) Gaussian kernel to improve the signal-to-noise ratio. 

In order to detect any morphological differences in GM between individuals with PTSD 

and healthy controls (HC), we conducted a two-sample t-test on the smoothed GM images using 

SPM12 software. Age, sex, and total intracranial volume (TIV) were included as covariates during 

the analysis. An explicit mask, comprised of an average of all participant’s GM masks, was used 

to limit search regions inside the GM of the brain. Results are considered significant at a cluster-

forming threshold of p < 0.001 (uncorrected) and a cluster-level threshold of p < 0.05, corrected 

using family-wise error (FWE). Individual-level mean GM volumes were extracted from the 

significant clusters for further correlational analyses. 

We estimated the previously described ABS scores (Beheshti et al., 2017) utilizing the region-

based morphometry feature in CAT12 to obtain whole-brain GM volumes based on the 

neuromorphometrics atlas (www.neuromorphometrics.com; 136 regions in total), along with 

subregions of the hippocampus (18 regions) (Winterburn et al., 2013) and the cerebellum (26 

regions) (Park et al., 2014). Additionally, cortical thickness (CT) measurements were assessed 

using the Desikan-Killiany-Tourville (DKT) atlas, which defines 34 regions of interest in each 

cerebral hemisphere (Desikan et al., 2006). In order to adjust for variations in brain size, the 

volumes of each subject were normalized by respective TIV. TIV was determined using the 

CAT12 toolbox (Gaser et al., 2022). Utilizing the aforementioned brain structure-describing 

information, ABS ranks the most relevant features for classifying AD vs. HC based on a support 

vector machine (SVM) (Beheshti et al., 2017). 

 

 

http://www.neuromorphometrics.com/
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4.2.3 CBF Analysis 

For the CBF analysis, pCASL images were preprocessed using the default parameters of 

the ASLtbx (https://www.cfn.upenn.edu/zewang/ASLtbx.php) (Wang et al., 2008). First, data 

were realigned, then co-registered to the structural T1-weighted image, segmented and spatially 

normalized to standard MNI space (using nonlinear normalization by applying the deformations 

from the structural CAT12 analysis), and smoothed with an 8 mm3 FWHM Gaussian kernel, as 

described previously (Aljuaid et al., 2019). Mean CBF images were produced and contrasted 

between the groups using SPM12. Age and sex were included as covariates. An explicit mask 

using the average whole-brain map of all participants was used to limit search regions within the 

brain. Results are considered significant at a cluster-forming threshold of p < 0.001 (uncorrected) 

and a cluster-level threshold of p < 0.05, corrected using FWE. Mean regional CBF values were 

extracted from significant clusters for further correlational analyses. 

The smoothed mean CBF images were further assessed using our previously developed 

MAD algorithm; available at: https://www.kolabneuro.com/software1 (Katako et al., 2018). In the 

original work, out of the five different algorithms tested, the SVM with iterative single data 

algorithm (ISDA) was the best-performing machine (84% sensitivity and 95% specificity) for 

distinguishing between AD and HC—this algorithm was used in the present study (Katako et al., 

2018).  

4.3 Machine Learning Calculations:  

Two different approaches that quantitates one’s “likeness” of their brain to AD are utilized. 

https://www.cfn.upenn.edu/zewang/ASLtbx.php
https://www.kolabneuro.com/software1
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4.3.1 MAD calculation 

 The pre-processed mean CBF images were analyzed by machine learning-based AD 

designation (MAD) algorithm (Katako et al., 2018). The MAD algorithm was originally trained 

using fluorodeoxyglucose (FDG) positron emission tomography (PET) data of 94 patients with 

AD and 111 age-matched HC from the AD Neuroimaging Initiative (ADNI; 

http://adni.loni.usc.edu/) database. Out of five different algorithms tested, the support vector 

machine (SVM) with iterative single data algorithm (ISDA) produced the most sensitive and 

specific performance, which was utilized in this study. MAD scores indicate how similar a 

patient’s brain activity is to AD brain patterns—the higher the score, the greater the similarity. The 

algorithm that is used throughout this study has a 84% sensitivity and 95% specificity in 

distinguishing AD vs Healthy controls (HC) (Katako et al., 2018). MAD has also shown to be 

compatible with CBF images derived from perfusion SPECT (Katako et al., 2018) and pCASL 

(Wright et al., 2020). MAD has also been applied to assess longitudinal brain metabolic changes 

in the prodromal stage of AD to monitor disease progression (Beheshti et al., 2022). Results 

demonstrated that increasing MAD scores (AD-like brain metabolism) significantly correlated 

with patients who had cognitive decline based on mini-mental status examination (Beheshti et al., 

2022).  

4.3.2 ABS calculation 

The preprocessing was applied in the same fashion as the region-based morphometry 

analysis in CAT12. In total, 252 structural brain features (i.e., CT measurements, adjusted whole-

brain GM volumes, adjusted hippocampal subregions, and cerebellar subregions) were used as 

input for the AD-like structural pattern framework. In order to diminish the effects of age and sex 

http://adni.loni.usc.edu/
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on the predicted values, we regressed out the effects of age and sex from the structural brain feature 

values by referencing the healthy control (HC) group. The dataset was split at random into two 

cohorts: a training set, made up of 90% of the data (255 healthy controls (HCs) and 255 AD 

patients), and a validation set, which consisted of 10% of the data including 29 HCs and 29 ADs. 

Furthermore, the validation set was used to ensure an unbiased estimate of the model's performance 

on unseen data. The harmonization of data from multiple datasets was achieved using the ComBat 

technique in MATLAB (Fortin et al., 2018; https://github.com/Jfortin1/ComBatHarmonization). 

To build the prediction model, we employed our previously validated AD identification 

framework, which incorporated a binary genetic algorithm (GA) to identify the best subset of 

features, as outlined in (Beheshti et al., 2017). The Fisher criterion was integrated into the objective 

function of the genetic algorithm. GA works by refining a collection of potential feature groups 

through multiple generations, all based on the idea of natural selection. At first, random sets of 

chromosomes (i.e., features) are generated, each representing a potential solution. These sets are 

then evaluated using a fitness function to determine their effectiveness. The GA then uses 

operations such as combining features from two groups (crossover) and changing features within 

a group (mutation) to generate new chromosomes (i.e., features). Eventually, the process aims to 

find the best possible set of features that maximize the distinction between two groups. The 

parameters of the GA were configured with 50 populations, 200 iterations, a crossover probability 

of 0.8, and a mutation probability of 0.3. The optimal settings were identified by conducting a 10-

fold cross-validation on the training data to achieve the best performance. The classification 

method used was a standard support vector machine (SVM) algorithm in MATLAB r2020b, 

specifically using the 'fitcsvm' function with a linear kernel and automatically determined kernel 

scale. The final prediction model was created using the entire training set and then applied to the 

https://github.com/Jfortin1/ComBatHarmonization
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validation set and our test data. The prediction performance on the training and validation sets was 

assessed through accuracy, sensitivity, and specificity metrics.  

 As mentioned in the background, the ABS score effectively differentiated between AD 

patients and HCs in the training dataset using the 10-fold cross-validation method, achieving an 

accuracy of 92%, sensitivity of 89%, and specificity of 95%. Results were consistent on the 

validation set with an accuracy of 88%, sensitivity of 83%, and specificity of 83% (Figure 4). 

4.4 Statistical Evaluation 

Statistical analyses were conducted using the Statistical Package for the Social Sciences 

(SPSS; IBM Corp., version 27.0, Armonk NY) software. Demographic data were assessed using 

independent t-test or chi2, as appropriate (Table 1). Additionally, correlations between 

neuroimaging data (significant clusters in GM and CBF whole-brain analyses and MAD and 

ABS scores) and CAPS-5 total severity scores were assessed. Results were considered 

significant at p < 0.05. A list of all MAD and ABS score are presented in Table 4. 
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Chapter 5 – Results 

5.1 Demographic Results 

PTSD and HC groups did not significantly differ for age or sex (Table 1). CAPS-5 scores 

and years of education significantly differed between groups (Table 1)—the PTSD group had 

higher PTSD symptom severity scores (t(65) = 17.771, p < 0.001), as expected. Additionally, the 

PTSD group on average had fewer years of education (t(65) = 3.556, p = 0.001). Sex, age, and 

TIV (GM volume analyses only) were used as covariates throughout the study.  

5.2 GM Volumes 

Reduced volume was observed in the right middle temporal gyrus/parahippocampal gyrus 

for the PTSD group, compared to the HC group (Table 2; Figure 1). No regions showed 

significantly larger volume for the PTSD group, compared to the HC group. GM volume of middle 

temporal gyrus cluster correlated with CAPS-5 total symptom severity scores (r = -0.461; p = 

0.005; Figure 3). 

ABS scores did not show any significant difference between the PTSD and HC (t(65) = 

0.831, p = 0.409). Further evaluation using a proportions z-test indicated that 11.1% (3/27) of the 

HC group and 7.5% (3/40) of the PTSD group were classified as AD-like, resulting in a z-statistic 

of 0.5077, p = 0.6116 (proportional difference = 3.61%, 95% CI = [-10.78%, 18.00%], Cohen's d 

= 0.1259), indicating no statistically significant difference between the groups. 

5.3 CBF  

The PTSD group showed significantly lower CBF in two clusters, primarily in the left 

hemisphere, compared to the HC group (Table 3; Figure 2). The first cluster (3933 voxels) had 

peak coordinates in the caudate and striatum and extended to the insula, parahippocampal gyrus, 
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inferior frontal gyrus, limbic lobe and amygdala. The second cluster (4069 voxels) peaked within 

the middle temporal gyrus and inferior parietal lobule and extend to the pre- and postcentral gyri. 

There was no significantly increased CBF for the PTSD group, compared to the HC group. The 

mean CBF values of either cluster did not correlate with CAPS-5 total severity scores.  

MAD scores did not significantly differ between groups (t(65) = 1.376, p=0.174). At the 

individual level, five of the PTSD patients showed MAD scores (z-score) higher than 1.96 (p < 

0.05), compared to none of the HC participants (ꭓ2 = 3.647, p = 0.076). MAD scores correlated 

with GM volume in the significant middle temporal gyrus cluster identified above (r = -0.423; p = 

0.010; Figure 3). A non-significant trending correlation was also observed between MAD scores 

and CAPS-5 total severity scores (r = 0.302, p = 0.065). Other correlational analysis results are 

summarized in Table 4. 
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Chapter 6 – Discussion 

The goal of the present study was to find a novel non-invasive early neurological marker 

of AD in PTSD. We used machine learning algorithms (MAD and ABS) paired with neuroimaging 

and clinical variables to investigate these markers. The combination of these algorithms and PTSD 

symptom severity scores (CAPS-5) allowed us to identify a significant region of decreased brain 

volume in PTSD, associated with greater similarity to AD resting brain activity. Interestingly we 

noticed these markers in a PTSD participant group whose ages are younger than the typical age of 

diagnosis of AD. 

6.1 Demographics 

As expected, and consistent with diagnostic criteria, there was a significant difference in 

CAPS-5 total symptom severity scores between the PTSD group and HC group, indicating 

increased PTSD symptom severity in the PTSD group (Weathers et al., 2018;2022;American 

Psychiatric Association, 2022;Bryan et al., 2022). The CAPS-5 total severity scores were used as 

our primary psychiatric variable throughout the study. Additionally, education significantly 

differed between groups (Table 1), which is not surprising given that many of the participants in 

the PTSD group had careers as public safety personnel, typically requiring fewer years of formal 

education than our HC cohort, which had higher than average years of education.  

6.2 Structural GM  

Structural neuroimaging results identified one region of significantly reduced GM volume 

for the PTSD group, compared to the HCs (Figure 1). This middle temporal gyrus cluster included 

the parahippocampal cortex and Brodmann’s areas (BA) 20 and 21 (Table 2). BA 20 is typically 

associated with processing visual information and memory association while BA 21 is involved in 
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semantic memory processing, language processing and visual perception (Berti et al., 2023). Taken 

together, reduced volume within these regions may be associated with the experience of traumatic 

events and the ability to recall these memories (Kroes et al., 2011;Brewin, 2013), and may be 

involved in symptoms such as flashbacks and accurate memory retention of traumatic events 

(Weathers et al., 2018;American Psychiatric Association, 2022). This result of decreased volume 

in the middle temporal lobe, more specifically the hippocampus and surrounding regions, is a 

common finding among PTSD structural neuroimaging results (Kitayama et al., 2005;Gianaros et 

al., 2007;Greenberg et al., 2014).  

Interestingly, GM volume within this region was significantly, negatively correlated with 

CAPS-5 scores—smaller volume in this region was associated with greater symptom severity—a 

finding corroborated in the literature (Gilbertson et al., 2002;Villarreal et al., 2002). Furthermore, 

reduced GM volume in the temporal lobe cluster also correlated with MAD scores. In AD, the 

middle temporal lobe is the first region to begin showing neurodegeneration (de Flores et al., 

2022;Xiao et al., 2022), corresponding to the defining symptom of AD: memory deterioration 

(Kirshner, 2022). Although a causal role cannot be determined by the present study, it may be the 

case that individuals with reduced volume in this middle temporal region may be more susceptible 

to developing AD (as well as PTSD). Alternatively, trauma and the effects of PTSD may cause 

neurodegeneration in this region that increases the risk of dementia later in life. However, it is 

interesting to note that recently, psychological trauma in an animal model induced GM volume 

reduction in the hippocampus and globus pallidum (Ruat et al., 2021). Further large-scale 

longitudinal investigations such as the UK Brain Bank 

(https://ukbbn.brainsfordementiaresearch.org) and Biofinder (https://biofinder.se/) should be used 

to shed more light on causality. 

https://ukbbn.brainsfordementiaresearch.org/
https://biofinder.se/
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Topographically, MAD scores are determined by the overall whole-brain metabolic 

pattern, which is projected to a hyperplane used to differentiate between AD and HC (Katako et 

al., 2018). This hyperplane was largely characterized by hypometabolism in temporal regions. 

Therefore, it is not surprising that the regional GM reduction in the temporal regions observed in 

the present study correlated with increasing MAD scores in PTSD (Figure 3). While it remains to 

be seen whether there is any causal relationship between the location of the GM deterioration and 

AD progression, the lack of significant correlation within the HC group suggests that the medial 

temporal lobe may be an important region for predicting AD-risk in PTSD. 

None of the ABS scores, which focus on AD-like structural patterns, correlated with any 

other neuroimaging results (GM, CBF, or MAD) or symptom severity (CAPS-5). Although the 

regional GM deficiency revealed by VBM analysis (Figure 1) spatially overlapped with features 

used in ABS classification (Figure 4 , it should be noted that it does not constitute that they reflect 

the same pathology). The local GM difference between HC and PTSD groups was highly localized 

and it primarily reflects the PTSD-related changes (hence correlated with CAPS-5). On the 

contrary, ABS scores did not differ between groups. The relatively small regional atrophy in the 

right middle temporal lobe in our cognitively healthy PTSD sample may have not been sufficient 

to affect ABS scores, which capture the entire brain structural changes associated with AD. 

Nevertheless, the MAD score was correlated with regional GM changes. This observation is in 

line with the finding that AD-specific structural changes appear to occur after the functional 

(and/or vascular) changes (Iturria-Medina et al., 2016).  
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6.3 CBF  

Previously, alterations in CBF have been shown in PTSD, including increased activation 

in the amygdala (Sartory et al., 2013) and decreased activity in the ventromedial prefrontal cortex 

and the inferior frontal gyrus (Hayes et al., 2012). Our current results identified decreased CBF 

within the left caudate and striatum; this large cluster additionally encompassed the inferior frontal 

gyrus and insula—these findings confirm previous CBF findings of decreased activity in these 

cortical regions (Shin et al., 1999;Yin et al., 2011;Hayes et al., 2012;Zhe et al., 2016) . 

Interestingly, research suggests that the insula and inferior frontal gyrus have become target 

stimulation regions for improving attentional decline in AD (Chou et al., 2020).  

The second cluster, showing significantly reduced CBF in the left middle temporal gyri 

and inferior parietal lobule in the PTSD group corresponds with the frontoparietal network (FPN; 

also known as the central executive network), a resting state network associated with attention and 

executive processing. Previous neuroimaging studies showed both increased (Shaw et al., 

2002;Nardo et al., 2011;Im et al., 2016) and decreased activity (Shin et al., 1999;Clark et al., 

2003;Shin et al., 2004;Weber et al., 2005;Molina et al., 2010) within this region in PTSD. 

Discrepancy in activity within this region in the literature may be due to several factors: first, 

whether resting metabolic/CBF or task-related activity are considered, as outline, second, some 

studies have found reduced activity within the left IPL in the acute stage following traumatic 

exposure, when exposed to trauma-related (Ke et al., 2016) or fear-learning stimuli (Harnett et al., 

2018). In fact, left IPL activity in the acute phase was negatively correlated with symptom severity 

three months later (Harnett et al., 2018).  

The regional CBF did not correlate with MAD scores. Similar to the above interpretation 

for the lack of significant correlation between regional GM volumes and ABS scores, the reduced 
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regional CBF, which reflect PTSD-related changes, may have not been sufficient to influence the 

MAD scores, which reflect the risks of AD.  It should also be noted that CBF images are much 

noisier than GM images, the regional change of which has shown to be correlated with MAD 

scores. 

6.4 Limitations 

Limitations of this study include that its design was cross-sectional in nature; longitudinal 

study is required to confirm if patients with these identified neurological patterns go on to develop 

dementia, and more specifically, AD. We also acknowledge that there may be a selection bias for 

the HC groups as many of these participants were recruited by word of mouth and advertisements 

within the hospital and university settings, which may contribute to the higher years of education 

observed in this sample.  

6.5- Conclusion/Significance 

We used MAD scores for assessing AD-associated brain activity changes and ABS for 

assessing AD-associated brain structural changes. MAD was correlated with GM volume 

reduction in the medial temporal area which was correlated with PSTD symptom severity 

measured by CAPS-5. ABS was not correlated with any other measures. Taken together, as 

symptom severity increases, the brain structure and function become more AD-like, in the PTSD 

group—it is possible that these individuals who have higher MAD scores may be more susceptible 

to developing AD in the future.  Interestingly the average age of our PTSD sample (i.e., 40.0 years) 

shows neurodegeneration and commonly, neurodegeneration in AD typically begins around 55 

years of age (Ramachandran et al., 2021). Early identification of individuals at an increased risk 
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for developing dementia later in life is important for implementing disease-modifying preventative 

care.  

In the current study, we used machine learning for early detection of markers associated 

with AD in PTSD. This study may provide information that will allow for a better understanding 

of brain structure and function in PTSD and how it may relate to the progression and possible 

increased risk of AD and dementia. To our knowledge, this is the first study that uses machine 

learning to assess the defining characteristics of AD within a PTSD population using 

neuroimaging.  
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Tables and Figures: 

Table 1. Demographic and CAPS-5 data for PTSD and HC groups. 

 PTSD HC t or 𝝌𝟐 df p 

N 40 27    

Age (years) 40.0 (± 11.9) 35.4 (± 14.0) -1.426 65 0.159 

Sex (M:F) 14:26 11:16 0.227 1 0.634 

Handedness (R:L) 33:6† 24:3 0.247 1 0.619 

Education (years) 14.0 (± 2.6) 16.5 (± 3.2) 3.556 65 0.001* 

CAPS-5 33.4 (± 9.4) 0.8 (± 1.5) 17.771 65 <0.001* 

MAD -0.516 0.000 1.376 65 0.174 

ABS 0.184 0.229 0.831 65 0.409 

*Significant at p < 0.05. †Data missing for one participant. MAD scores are z-score normalized. 

CAPS-5: Clinical-administered PTSD scale for the DSM-5; MAD: machine-learning Alzheimer’s 

disease designation; ABS: Alzheimer’s disease brain structure. 
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Table 2. Whole-brain volume-based morphometry differences between groups (PTSD > HC), 

using age, sex, and total intracranial volume as covariates.  

     Peak 

Coordinates 

Region 

 

BA Voxels p-value t-value X     Y     Z 

Right Middle Temporal Gyrus 20, 21 1155 0.010* -4.43 39     6   -33 

*Significant at p < 0.05, FWE corrected for multiple comparisons. BA: Brodmann Area. 
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Table 3. Whole-brain cerebral blood flow differences between groups (PTSD < HC), using age 

and sex as covariates. 

     Peak 

Coordinates 

Region BA Voxels p-value t-value X     Y     Z 

1) Left Caudate/Striatum 

2) Left Middle Temporal 

Gyrus/Inferior Parietal 

Lobule 

13, 45, 47 

 

7, 39, 40 

3933 

 

4069 

0.004* 

 

0.003* 

5.06 

 

4.45 

-8      9     10 

 

-48    -75   28 

 

*Significant at p < 0.05, FWE corrected for multiple comparisons. BA: Brodmann Area. 
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Table 4: Partial Pearson correlation results for CAPS-5 scores, GM volume, activity, MAD scores, 

and ABS scores.  

Correlations df r-value p-value 

PTSD    

 CAPS-5 x MTG volume 34 -0.461 0.005* 

 CAPS-5 x CBF caudate 35 0.053 0.755 

 CAPS-5 x CBF IPL 35 -0.091 0.592 

 CAPS-5 x ABS 34 -0.172 0.314 

 CAPS-5 x MAD  35 0.298 0.074 

 MTG volume x CBF caudate 34 -0.091 0.598 

 MTG volume x CBF IPL 34 -0.281 0.097 

 MTG volume x ABS 34 -0.198 0.240 

 MTG volume x MAD  34 -0.423 0.010* 

 CBF caudate x ABS 34 0.042 0.808 

 CBF caudate x MAD 35 0.139 0.411 

 CBF IPL x ABS 34 0.113 0.513 

 CBF IPL x MAD  35 0.217 0.196 

 ABS x MAD  34 0.163 0.342 

HC    

 CAPS-5 x MTG volume 21 -0.211 0.333 

 CAPS-5 x CBF caudate 22 0.097 0.653 

 CAPS-5 x CBF IPL 22 0.064 0.768 
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 CAPS-5 ABS 21 -0.045 0.840 

 CAPS-5 x MAD 22 0.184 0.389 

 MTG volume x CBF caudate 21 0.065 0.768 

 MTG volume x CBF IPL 21 0.-279 0.197 

 MTG volume x ABS 22 0.026 0.906 

 MTG volume x MAD 21 0.049 0.823 

 CBF caudate x ABS 21 -0.166 0.449 

 CBF caudate x MAD 22 0.035 0.870 

 CBF IPL x ABS 21 -0.112 0.610 

 CBF IPL x MAD 22 -0.162 0.451 

 ABS x MAD 21 -0.229 0.292 

ABS: Alzheimer’s disease-like brain structure; CAPS-5: Clinician-administered PTSD scale for 

DSM-5; CBF: cerebral blood flow; IPL: inferior parietal lobule; MAD: machine-learning based 

Alzheimer’s disease Designation; MTG: middle temporal gyrus. Age, sex, education and total 

intracranial volume (GM volume only) were used as covariates for the correlation analyses. 
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Table 5. MAD scores and ABS scores for each individual participant.  

Correlations MAD 

scores 

ABS 

PTSD (n=40)   

  -1.08 0.02 

  1.56 0.01 

  -1.86 0.00 

  -4.92 0.01 

  -1.01 0.04 

  -0.04 0.00 

  0.20 0.05 

  -1.91 0.05 

  -3.48 

-1.82 

-2.50 

-0.37 

0.13 

-1.75 

2.82 

-0.01 

-1.46 

-2.23 

0.00 

0.00 

0.29 

0.36 

0.08 

0.36 

0.18 

0.01 

0.20 

0.01 
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-0.92 

-0.63 

-1.81 

0.94 

0.52 

-1.75 

2.25 

-0.56 

-0.85 

2.23 

1.42 

1.57 

2.08 

1.87 

0.79 

-1.68 

-0.89 

-1.72 

-1.82 

2.09 

-1.00 

-2.78 

0.24 

0.13 

0.10 

0.02 

0.36 

0.41 

0.34 

0.05 

0.78 

0.29 

0.20 

0.36 

0.06 

0.24 

0.04 

0.32 

0.03 

0.08 

0.60 

0.53 

0.11 

0.36 
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HC (n=27)   

   

0.06 

0.91 

0.30 

-1.10 

-0.94 

0.02 

0.28 

0.42 

0.24 

-1.57 

-2.24 

1.59 

-1.31 

-0.66 

0.41 

-1.46 

-0.82 

0.95 

-0.34 

 

0.35 

0.03 

0.28 

0.19 

0.32 

0.31 

0.41 

0.02 

0.00 

0.01 

0.24 

0.04 

0.30 

0.31 

0.41 

0.19 

0.90 

0.01 

0.01 
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1.72 

-0.39 

1.33 

0.79 

0.38 

0.16 

0.79 

0.48 

 

0.00 

0.21 

0.05 

0.05 

0.02 

0.60 

0.90 

0.02 
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Figure 1. Whole-brain voxel-based morphometry results for the PTSD > HC contrast.  

The significant cluster (1155 voxels) is identified in blue, indicating reduced volume in this region 

for the PTSD group, relative to HC.  
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Figure 2. Whole-brain cerebral blood flow results for the PTSD > HC contrast.  

Significant clusters are identified in blue, indicating reduced cerebral blood flow in these regions 

for the PTSD group, relative to HC.  

  



53 

 

 

Figure 3. Correlation results. Medial temporal lobe volume correlates with CAPS-5 scores (left) 

and standardized MAD scores (right) in the PTSD group (teal, filled circles), but not the HC group 

(black, empty triangles). 
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Figure 4. The scatter plot showing the Alzheimer’s disease (AD)-like brain structure in test 

groups. The color bar provides a visual reference for the probability scores, ranging from 0 to 1. 

A horizontal dashed line at 0.5 denotes the midpoint for reference 
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