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Abstract:
Alzheimer’s disease is a progressive, universally fatal neurodegenerative disease that causes cognitive and behavioral dysfunction. Increasingly, the focus of Alzheimer’s disease research has turned toward identification of at-risk populations and early detection of mild cognitive impairment (MCI), which is thought to be one end of a continuous spectrum of symptomatology with AD being the ultimate endpoint. Multishell diffusion techniques offer the possibility of identifying changes in the brains of patients with AD that were previously too subtle to detect using structural imaging. Such techniques may even offer the chance to identify pre-symptomatic and at-risk patients by reflecting changes in the microstructure of brain tissue occurring prior to irreversible neuronal death and the onset of clinical symptoms. This case-control study attempts to evaluate the utility of multishell diffusion imaging to distinguish patients with AD from age-matched controls. The diffusion data of patients in the UK Biobank with a diagnosis of AD will be compared to data from study participants without dementia. A multishell model such as restriction spectrum imaging will be employed to perform whole brain voxel analysis. The diffusion parameters, which include neurite density index, orientation dispersion index, and free water fraction, will be assessed on a voxel by voxel basis, and will serve as the outcome variable, while the predictor is the dichotomous variable of presence or absence of AD.

Research Question: 
Are there characteristic MRI multishell diffusion parameters that distinguish patients with Alzheimer’s Disease from healthy controls at varying points in the disease course (pre-symptomatic, mild cognitive impairment, dementia)?

Specific Aims:
1. Evaluate the utility of multishell diffusion imaging to distinguish patients with Alzheimer’s Disease from age-matched controls without dementia
2. Identify regions in the brain of patients with AD where differences in diffusion suggest underlying pathology; correlate these regions with previously characterized regions involved in underlying disease pathogenesis, such as the hippocampus and temporoparietal cortex.
3. Assess the ability of multishell diffusion to model neuroinflammation

Significance: 

Alzheimer’s disease is a progressive, universally fatal neurodegenerative disease that causes cognitive and behavioral dysfunction. It is the most common cause of dementia globally and its incidence increases with age, affecting up to one third of the population >84 years. Alzheimer’s disease (AD) imparts a substantial burden on patients, their families, and society as a whole. Although our understanding of AD pathophysiology and our ability to treat this disease have remained frustratingly unsolved, much headway has been made over the last several decades in determining genetic risk factors for AD, which include APOE4 heterozygosity and to an even greater extent homozygosity. Additionally, a myriad of other genes that confer increased risk have been identified, as have very rare early-onset familial Alzheimer’s syndromes involving genetic mutations in amyloid precursor protein (APP), presenilin 1 (PSEN1), and presenilin 2 (PSEN2). 

Increasingly, the focus of Alzheimer’s disease research has turned toward identification of at-risk populations and early detection of mild cognitive impairment (MCI), which is thought to be one end of a continuous spectrum of symptomatology with AD being the ultimate endpoint. The hope is that early treatment of these at-risk patients may yield improved outcomes. To this end, diagnostic approaches that can reliably identify these patients, including imaging biomarkers, neuropsychological testing, and genetic analyses such as polygenic hazard ratios, are currently at the forefront of AD research. In the last few years, several PET agents that bind fibrillary amyloid beta have been approved by the FDA, including florbetapir, flutemetamol, and florbetaben. PET agents that bind Tau protein are currently under active investigation. The results of these novel nuclear imaging modalities correlate with post-mortem characterization of amyloid beta and Tau burden and are certainly exciting in their ability to aid the clinical assessment of the patient and even render a specific diagnosis in vivo.  

In current practice, structural neuroimaging plays a more limited role in the diagnosis of AD. Certain features identifiable on MRI, such as hippocampal atrophy, are highly suggestive of the diagnosis, but these typically present at an advanced stage of disease. The main benefit of MRI has been to exclude other causes of cognitive impairment, such as vascular dementia. However, certain advanced MRI techniques including multishell diffusion offer the possibility of identifying changes in the brains of patients with AD that were previously too subtle to detect. Such techniques may even offer the chance to identify pre-symptomatic and at-risk patients by reflecting changes in the microstructure of brain tissue occurring prior to irreversible neuronal death and the onset of clinical symptoms. 

Understanding microstructural changes – what may be happening to neuronal cell bodies, dendrites, and axons at different points in time – could provide a wealth of knowledge about the pathophysiology of this disease. Compared to PET, MRI has the additional benefit of being fairly ubiquitous and not requiring the creation and injection of specialized tracers, which can be difficult to acquire and prohibitively expensive. And while multi-shell diffusion is not a commonly acquired sequence in current practice, many modern scanners already have the capability to perform this sequence without any additional software or hardware upgrades. The purpose of this study is to evaluate the utility of multi-shell diffusion as an imaging biomarker of dementia, and to use this diffusion technique to glean previously unknown information about the pathophysiology of AD. Targeting the pathophysiological processes that lead to neuronal damage prior to loss of function may be the most fruitful approach to take for future treatment initiatives.

Methods:

My study design is a case control. My experimental group is patients in the UK biobank who have AD, and I will be comparing these patients to other patients in the UK biobank who do not have a diagnosis of AD. Inclusion criteria will be patients in the UK biobank who have both a diagnosis of AD and available MRI diffusion data. Exclusion criteria will exclude patients with other diagnoses that would be expected to cause structural changes in the brain including brain tumors, traumatic brain injury, other neurodegenerative changes, or inflammatory or infectious diseases of the brain. My control group will include age-matched patients who do not have dementia or other diagnoses that would be expected to alter the brain’s structure, such as those described above. The UK biobank is organized via ICD-10 code, which will facilitate selection of patients who meet inclusion criteria and exclusion of patients who do not, due to age or comorbid diagnosis. My target population is all patients with AD, but the accessible population is patients who are enrolled in the UK biobank who both have available MRI diffusion data and have a known clinical diagnosis of AD (which may certainly exclude some patients within the biobank who perhaps have the disease but have not yet been diagnosed with it).  I don’t anticipate needing to sample from the accessible population; I currently plan to evaluate the diffusion data for all patients with AD in the UK biobank. As I am using an existing biobank, I will not have to consider recruitment and retention approaches. 

My predictor is diffusion MRI, specifically numeric parameters that are generated by a computer model that attempts to characterize the microstructure of the tissue. These parameters include neurite density index, orientation index, and free water fraction, which are all continuous variables from 0 to 1. The outcome is dichotomous – either the patient has a clinical diagnosis of AD or they do not. Patients who have had more than one MRI will be evaluated for changes in their diffusion metrics over time, and their first study will also serve as an internal control for comparison with subsequent studies. I will attempt to limit random error by including as many patients as possible, and I will attempt to limit systematic error by fine-tuning my inclusion and exclusion criteria as needed and making an attempt to include a diverse group of control patients, including those who may have known diagnoses of everything from wrist trauma to cancer (without brain metastases) to heart disease – these and many others are ICD-10 codes that can be selected. I don’t necessarily want to select my control groups from a perfectly healthy population of age-matched participants, particularly if my experimental group also has comorbid conditions like cancer or heart disease. Confounding factors include comorbidities in the AD cohort that may influence the diffusion data. For instance, AD and vascular dementia often coexist and imaging findings may overlap between these groups. Multishell diffusion is still a new technique, and various diseases may cause particular diffusion patterns that have yet to be described. Age could also be a potential confounding variable; most patients with AD are elderly, and so controls will have to be age-matched. However, there is a subset of patients who develop early-onset AD, often in their 40s-50s, and the pathophysiology of these patients may be different in some way than patients with typical AD. This could be avoided by excluding patients with early-onset AD, or by analyzing them separately with their own set of age-matched controls. This second option would likely be preferable, as it would allow for the comparison between early-onset and typical AD participants, in addition to the primary comparison of AD participants and participants without dementia. A causal inference is not the aim of this study; any detected patterns will not be presumed to be the cause of AD, but rather a potentially characteristic imaging feature. Therefore, this study does not attempt to imply causation but rather correlation.

An alternative study design would be to perform this as a retrospective cohort. If there were certain diffusion parameters that were already thought to be associated with AD, I could evaluate the diffusion data of a random assortment of patients in the UK biobank (perhaps selected within a certain age range at highest risk for AD, such as those age 80 and above, or even selecting patients with cognitive impairment who may have any number of diagnoses including AD). I’d evaluate for the presence or absence of these parameters, and use this to predict which patients have a clinical diagnosis of AD. This would be a reasonable study design as well, and perhaps would be a next step after determining if there are any reliable imaging markers that differentiate patients with AD from controls in my case control study. At this point, this design wouldn’t be feasible as it is unknown if there are differences in the multishell diffusion parameters of AD patients, and what these differences might be. Once I have an idea of what we may be looking for in the diffusion data, a retrospective (or even prospective) cohort study would help establish a stronger correlation between the imaging and the diagnosis. Ultimately, it is my hope that any imaging changes we uncover may help identify pre-symptomatic patients. 

Statistical Issues:

Multi-shell diffusion can be analyzed using various models that generate several numeric (proportion) parameters that attempt to describe the microstructure of the imaged tissue. For instance, one model yields a neurite density index, orientation dispersion index, and free water fraction, which will all be between 0 and 1. The value of these parameters varies depending on the composition of the tissue. My study will employ whole brain voxel-wise analysis, but for the purposes of this assignment, I will generate a hypothesis that more easily conforms with the statistical models discussed in class. The numeric parameters are the continuous predictor, and the outcome, the presence or absence of Alzheimer’s disease, is dichotomous. Therefore, the appropriate statistical test will be the t test. One possible result would be decreased neurite density index (NDI) within regions of the brain known to be affected by Alzheimer’s disease, such as the hippocampus. The null hypothesis states that there is no difference in neurite density index in the hippocampus between patients with Alzheimer’s Disease (AD) in the UK biobank cohort and controls who do not have a diagnosis of AD. The one-sided alternative hypothesis states that neurite density index in the hippocampus is decreased in patients with AD compared to those without. This would be a one-tailed test, as I would not expect the neurite density index to increase in the setting of neurodegeneration/neuronal death. 

Because the outcome variable is dichotomous, there will be no effect size; this study is designed as a case control, and so the presence or absence of AD will be known at the forefront. Were this designed as a cohort study, with a large group of unknown patients and the goal of identifying the AD patients using the diffusion data, the predictor and outcome variables would be reversed. In this case, the outcome variable effect size (the difference in NDI), would perhaps be 0.05 (or 5%), and the standard deviation would perhaps be something around 0.1. Therefore the standardized effect size would be 0.5, yielding an estimated sample size of 51 if beta is 0.2 and the one-sided alpha is 0.05. These are all estimations, as there has been no published literature on NDI within AD patients or healthy patients in the hippocampus (or the rest of the brain, for that matter). Moreover, I don’t believe these truly apply in my study given its current design. In my results section, I expect to describe the types of analyses used to compare the NDI and other parameters, and in the conclusion section I would discuss the ramifications of these findings. If I find differences in the diffusion parameters of AD patients and healthy controls, this might inform further research in the form of a prospective cohort, which may strengthen the evidence for using this approach to evaluate dementia patients in the clinical setting.


Questionnaire:

I will be using an existing dataset, the UK biobank. The UK biobank collects various questionnaire data on its study participants, including cognitive function tests. Although I will not necessarily use these exams in my own study and will instead use the dichotomous variable of the presence or absence of AD as determined by clinical diagnosis and ICD-10 code, these questionnaires are used to provide more data points to investigators. Research has already been published about age-related changes in cognitive function using the UK biobank questionnaire data. There are various tests of cognitive function that assess different processes including prospective memory, word production, reaction time, etc. One example is a fluid intelligence questionnaire, which I included in the Protocol Appendix as an example of one such study. This exam is performed on a touch-screen interface at an assessment center; participants have 2 minutes to answer as many questions as they can. The total length is 13 multiple choice questions. After selecting an answer, the next question is displayed. This exam attempts to assess verbal and numerical reasoning. Cronbach’s alpha has been reported as 0.62, which is a measure of internal consistency or reliability (Hagenaars). A score of 0.62 indicates questionable reliability. Several possible considerations with regard to this questionnaire should be addressed. This test assumes a certain educational level has been obtained and certainly would not be a reliable indication of cognitive function in a person who has not at least completed a grade school level of education, or for non-English speakers. At least one question is poorly worded with a confusing set of answer choices (Question 13), which I think is ambiguous. Presumably the correct answer is “False” because of the inclusion of the word “definitely,” but I think more accurately the statement is “not necessarily true,” ie there isn’t enough information to tell if “some plinks are definitely stinks.” For this reason, I think the inclusion of “neither true nor false,” “not sure,” and “do not know” are all potentially reasonable choices. The administration of this test also requires that the participant be familiar with touch screen technology, which may be an unfair assumption to make, particularly in the elderly population.


Protocol Appendix:
Question 1)
Add the following numbers together: 1 2 3 4 5 – is the answer? 
Select from: 
· 13 
· 14 
· 15 
· 16 
· 17 
· Do not know 
· Prefer not to answer 
Question 2)
Which number is the largest?
Select from:
· 642 
· 308 
· 987 
· 714 
· 253 
· Do not know 
· Prefer not to answer 
Question 3)
Bud is to flower as child is to? 
Select from: 
· Grow 
· Develop 
· Improve 
· Adult 
· Old 
· Do not know 
· Prefer not to answer 
Question 4)
11 12 13 14 15 16 17 18 
Divide the sixth number to the right of twelve by three. Is the answer? 
Select from:
· 5
· 6
· 7
· 8
· Do not know 
· Prefer not to answer 
Question 5)
If Truda’s mother’s brother is Tim’s sister’s father, what relation is Truda to Tim? 
Select from: 
· Aunt 
· Sister 
· Niece 
· Cousin 
· No relation 
· Do not know 
· Prefer not to answer 
Question 6)
If sixty is more than half of seventy-five, multiply twenty- three by three. If not subtract 15 from eighty-five. Is the answer? 
Select from: 
· 68 
· 69 
· 70 
· 71 
· 72 
· Do not know 
· Prefer not to answer 
Question 7)
Stop means the same as? 
Select from: 
· Pause 
· Close 
· Cease 
· Break 
· Rest 
· Do not know 
· Prefer not to answer 
Question 8)
If David is twenty-one and Owen is nineteen and Daniel is nine years younger than David, what is half their combined age? 
Select from: 
· 25 
· 26 
· 27 
· 28 
· 29 
· Do not know 
· Prefer not to answer 
Question 9)
Age is to years as height is to? 
Select from: 
· Long 
· Deep 
· Top 
· Metres 
· Tall 
· Do not know 
· Prefer not to answer 
Question 10)
150...137...125...114...104... What comes next? 
Select from: 
· 96
· 95
· 94
· 93
· 92
· Do not know
· Prefer not to answer 
Question 11)
Relaxed means the opposite of? 
Select from: 
· Calm 
· Anxious 
· Cool 
· Worried 
· Tense 
· Do not know 
· Prefer not to answer 
Question 12)
100...99...95...86...70... What comes next? 
Select from: 
· 50
· 49
· 48
· 47
· 46
· 45
· Do not know 
· Prefer not to answer 
Question 13)
If some flinks are plinks and some plinks are stinks then some flinks are definitely stinks? 
Select from: 
· False
· True
· Neither true nor false
· Not sure
· Do not know
· Prefer not to answer 
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