
ABSTRACT 

MAHMOUDIANDEHKORDI, SIAMAK. Metabolomics for Alzheimer's Disease Prediction. 
(Under the direction of Dr. Alison Motsinger-Reif) 
 

Alzheimer’s Disease (AD) is a neurodegenerative disorder which results in 

progressive cognitive impairment, including dementia, personality changes, judgment, 

language skills and memory loss. The Alzheimer's Association estimates that over 5 million 

people are suffering from AD in the United States, with almost half a million new cases 

every year. Any disease-modifying or causal therapy would therefore likely be of greatest 

benefit to asymptomatic individuals at high risk of developing AD. 

AD has a long preclinical phase, lasting a decade or more, during which time its 

characteristic pathology accumulates and patient function declines, but symptoms are 

insufficient to warrant a clinical diagnosis of dementia. The hallmark pathologic lesions of 

AD are amyloid plaques and neurofibrillary tangles. In addition, changes in brain’s structure 

and glucose metabolism and in circulating blood measures occurs during the course of the 

disease. Currently, there are no targeted preventive interventions or pharmacological 

treatments for AD available. Hence, further unraveling of the etiology of AD is crucial to 

find new targets for treatment of the disease.  

Accumulating evidence suggests a role for gut microbiome and hepatic metabolic 

processes in brain health. However, these effects have not yet been systematically explored 

in AD. Bile acids (BAs) are products of hepatic cholesterol metabolism and gut microbial 

activity. Levels of BAs can be measured by means of metabolomics. Metabolomics is an 

emerging field of -omics science aiming to measure all low molecular-weight metabolites 

resulting from cellular processes within a biological sample. The advancements in 

metabolomics technologies have played a pivotal role in identification of several disease 



specific biomarkers as well as insights in the pathophysiology of various diseases including 

type II diabetes and various cancer types.  

This thesis investigates the associations of BAs with clinical diagnosis, CSF 

(concentrations of amyloid-β and tau protein) and imaging-markers (MRI morphometry and 

[18F] FDG-PET). Moreover, impact of BAs on the rate of brain atrophy and cognitive decline 

was studied. Baseline serum samples of 1556 individuals diagnosed as cognitively normal or 

with varying degrees of cognitive impairment from the Alzheimer’s Disease Neuroimaging 

Initiative (ADNI) study were collected. Targeted metabolomics was applied to quantify 22 

BAs. Several differentially expressed BAs with statistically significant association with the 

rate of brain atrophy and cognitive decline were identified. 

In addition, a simulation study was conducted to compare the performance of 

commonly used multiple testing procedures (MTPs) in the context of metabolomics data 

analysis. The simulations were based on a true metabolic data obtained from the ADNI study. 

Simulated data were generated from a multivariate normal distribution with corresponding 

variance-covariance matrix equal to the correlation structure of real data. Furthermore, the 

signal added was targeted towards a metabolite set (truly differentially expressed 

metabolites) and the intensity of signal was controlled by simulation parameters. We 

demonstrate that the FDR procedures perform best in terms of both false positive control and 

statistical power. The result can be used to summarize as a guidance for practitioners to 

properly choose a FDR controlling procedure. 

Taken together, the results from this study support a role for the gut-liver-brain axis 

in neurodegeneration and possibly opening avenues for novel diagnostics and therapeutics 

for AD. Future work may lead to more finely meshed prognostic data that may be useful 



clinically and for research.
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CHAPTER 1: General Introduction 

Alzheimer’s Disease (AD) is a neurodegenerative disorder which results in 

progressive cognitive impairment, including dementia, memory loss, changes in personality, 

judgment and language skills, and in the end resulting in the death of the individual. 

Currently, there is no preventive or curative treatment available for this disease. To 

characterize biomarker trajectories associated with AD symptoms in older individuals, the 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) has been launched in 2004. In Chapter 

2 of this dissertation, the neuropathological hallmarks of AD, the biomarkers of AD and the 

research findings in the ADNI study will be reviewed. 

Metabolomics is a new high-throughput “-omics” approach that focuses on the 

identification, quantification and characterization of low-weight metabolites that are 

generated by metabolism. This new technique is gaining significant attention in many areas 

of biomedical research including neurodegeneration, as it provides a valuable addition to 

genomics and proteomics by capturing alterations in gene and protein activity that are 

associated with disease. Hence, it has a powerful potential to discover novel biomarkers, to 

unravel new therapeutic targets, and to identify perturbed metabolic pathways involved in 

pathogenesis of a disease. Since metabolomics is an emerging technology, statistical 

approaches for analyzing such data are still evolving. Methods used for more established -

omics technologies, such as transcriptomics and proteomics, are commonly employed. I will 

interrogate widely used statistical and machine learning approaches in the analysis of 

metabolomics data in Chapter 2.  

I conducted a cross-sectional and longitudinal analyses using ADNI data to assess the 

role of gut-microbiota in AD pathogenesis through integration of metabolomics data (bile 
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acids), clinical, cognitive and brain imaging outcomes. The results of the study will be 

reported in Chapter 3. In addition, a simulation study aiming to assess the performance of 

various multiplicity correction methods in the context of metabolomics will be presented in 

Chapter 4. Finally, limitations and future directions will be discussed in Chapter 5.  
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CHAPTER 2: Review of the Literature 

2.1 Alzheimer’s Disease 

Alzheimer’s disease (AD), named after German physician Alois Alzheimer, is the 

most common cause of dementia and accounts for an estimated 60 percent to 80 percent of 

cases1. AD is a progressive neurodegenerative disorder affecting over 40 million people 

worldwide in 20162. AD’s prevalence exponentially increases by age. It is estimated that 

more than 5.5 million American are suffering from AD. Majority of AD patients are (5.3 

million in US) having age of 65 or older while there are only about 200,000 individuals 

under age 65 who have younger-onset Alzheimer’s1,3,4. By 2050, the number of people with 

AD may nearly triple, from 5.3 million to a projected 13.8 million, barring the development 

of medical breakthroughs to prevent or cure the disease5. The annual cost of healthcare for 

people with AD and other dementias is estimated to increase from $236 billion in 2016 to 

more than $1 trillion by 20501.  

To date, there are 6 approved drugs by FDA (either in class of NMDA-receptor 

antagonists or cholinesterase inhibitors) that can improve some of the symptoms of AD, but 

these drugs do not cure the disease or reverse cognitive impairment1. Ongoing clinical trials 

are focused on the development of new treatments, including those aimed at lowering the risk 

of developing the disease or delaying its onset and progression6.  

As shown in Figure 2.1, changes associated with AD are start occurring many years 

before the onset of clinical symptoms. AD has three distinct stages: (1) a long preclinical 

phase - a silent buildup of brain pathology, (2) prodromal phase - isolated memory loss or 

mild symptoms (mild cognitive impairment [MCI]), and (3) AD dementia - significant 

cognitive and functional deficits7-9.  The earliest clinical symptom is generally memory loss, 
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followed by further functional and cognitive decline, such that patients become gradually less 

able to perform even basic tasks. The MCI phase is of great interest in AD research as this is 

an intermediary state between the cognitive decline associated with normal ageing and AD 

dementia. Studies conducted in reference memory clinics have shown that patients with MCI 

progress to AD at a rate of 10% to 15% per year, in contrast to the 1-2% yearly rate of 

conversion reported in an age-matched normal population and 80% of these patients will 

have converted to AD after approximately six years of follow-up10-12. Therefore, any disease-

modifying therapy would likely be of greatest benefit to individuals with MCI which are at 

high risk of developing AD. 

 

Figure 2.1: A Hypothetical timeline for the onset and progression of AD. The 
green, blue and magenta shaded bars indicate the time points at which preventative, 
diseasemodifying and symptomatic interventions are likely to be most effective. The figure 
was obtained and reprinted by permission from Shaw et.al, 20077. 

A clinical diagnosis of AD is based on a consensus criteria such as the one 

established by the National Institute of Neurological and Communicative Disorders and 

Stroke and the Alzheimer’s Disease and Related Disorders Association 

(NINCDS/ADRDA)13. These criteria use physical and cognitive examinations, laboratory 

tests, neuroimaging technologies for the classification of patients as having definite, 
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probable, or possible AD. However, the definite diagnosis of AD can be confirmed by a 

direct analysis of brain tissue samples, which may be obtained either postmortem or from a 

brain biopsy. Clinical diagnosis of definite AD can be made with an accuracy of up to 90% 

compared to the neuropathological results at autopsy14. Several biochemical and 

neuroimaging biomarkers have been identified for AD. Hence, recently published revisions 

to the NINCDS/ADRDA criteria have been made to incorporate these advances to improve 

pre-symptomatic diagnosis, differential diagnosis, and the assessment and prediction of 

progression8,9,15. 

A delay of one year in both disease onset and progression would reduce the number 

of AD cases in 2050 by an estimated 10%16. The early identification of pre-symptomatic 

patients is therefore important to allow the recruitment of appropriate participants for clinical 

trials. If a successful disease-modifying therapy for AD were to be developed, early 

identification would become even more important to allow targeting of patients for whom the 

treatment may be most effective. The objective of the research presented in this dissertation 

was to find a serum metabolic signature associated with the risk factors of AD. In addition, 

the results obtained from this study can help to better understand the etiology of the disease 

and improve AD prognosis. 

2.2 Neuropathology of AD 

The human brain is composed of cerebrum, cerebellum, brainstem, and diencephalon. 

The brainstem connects the cerebrum to the spinal cord. This structure is involved with the 

regulation of basic vital life functions such as breathing, heartbeat, body temperature, wake 

and sleep cycles. The diencephalon is made up of two major components: the thalamus and 

hypothalamus. The thalamus serves as a central relay point for incoming nerve impulses. The 
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hypothalamus regulates homeostasis. It has regulatory area for hunger, thirst, sleep, water 

balance and circadian rhythms, linking the nervous system to to the endocrine system. The 

cerebellum is located under the cerebrum. The cerebellum is associated with regulation and 

coordination of movement, posture, and balance. The cerebrum is the largest part of the 

brain. It performs higher functions like interpreting touch, vision and hearing, as well as 

speech, reasoning, emotions, learning, and fine control of movement. The cortex is the 

surface layer of cerebrum and contains neurons. The neurons are connected to other brain 

areas through axons. The cortex has a folded appearance. The cerebrum is composed of two 

broadly symmetric cerebral hemispheres, each of which is divided into four lobes: frontal, 

temporal, parietal and occipital. 

The frontal lobe controls executive function, impulse control, long-term planning, 

motor function, and speech production. The parietal lobe functions in processing sensory 

information such as taste, touch, pressure and temperature from various parts of the body. A 

significant portion of the lobe is believed to function in visuospatial processing, such as self-

awareness of the location of one’s body parts. The temporal lobe is involved in sound 

processing, speech perception, memory and emotion association. The occipital lobe controls 

primary vision such as the visual scene, light and dark, lines and borders. Other cortical 

regions relevant to the study of AD include the cingulate gyrus and insula. The insula is 

folded deep within the lateral sulcus between the frontal and temporal lobes. On the lateral 

surface of the brain, it is covered by the operculum, which is formed from portions of the 

frontal, temporal and parietal lobes. 

The cortex surrounds a core of white matter, consisting mainly of myelinated axons 

connecting the cell bodies. The largest white matter structure in the brain is the corpus 
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callosum, a bundle of axons connecting the left and right cerebral hemispheres. Embedded 

within the cerebral white matter are deep grey matter structures, including the basal ganglia 

and thalamus. The brain is separated from the skull by three layers of tissue known as 

meninges: the dura, the arachnoid and the pia. To protect and support the brain, cerebrospinal 

fluid (CSF) fills the subarachnoid space. CSF is produced by the ventricular system which is 

a set of four interconnected cavities known as ventricles. CSF also fills the central canal of 

the spinal cord.  

Several magnetic resonance imaging (MRI) studies have demonstrated consistent 

age-effects within the brain even during the healthy process. For example, the cerebral 

hemispheres lose volume and the ventricles become enlarged. Both such changes may be 

attributed to neuronal loss17-20. These changes become progressively severe during the 

development of AD, with both cerebral atrophy and neuronal loss often more pronounced in 

the medial temporal lobes21-23. Pathological changes associated with the development of AD 

begin in the medial temporal lobes which includes a system of anatomically related 

structures, including the hippocampal region and the adjacent entorhinal, perirhinal, and 

parahippocampal cortices that are essential for declarative long term memory24. In a recent 

study using functional MRI in both mouse model of AD and human AD patients, the authors 

showed that the lateral entorhinal cortex (LEC) was primarily affected in preclinical 

Alzheimer’s disease. Then, the LEC dysfunction could spread to the parietal cortex during 

preclinical disease (Figure 2.2)25. Assessment of medial temporal atrophy using MRI has 

been shown to have positive predictive value for AD. Longitudinal studies showed that 

hippocampal volumes are already reduced by about 10%, 3 years before receiving a 
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diagnosis of AD and that rates of hippocampal atrophy increase gradually about 5 years 

before diagnosis26-28.  

 

Figure 2.2: Alzheimer’s disease starts in the lateral entorhinal cortex. (a) mouse 
and (b) human brains. The researchers showed that the disease spreads from the entohrinal 
cortex (yellow) to the perirhinal cortex and posterior parietal cortex (red and green). Color 
code in (a): lateral entorhinal cortex(yellow), perirhinal cortex(red) and posterior parietal 
cortex (green); Color code in (b): LEC(yellow), parahippocampal gyrus (red) and precuneus 
(green). This figure has been extracted and reprinted by permission from Khan et al., 201425. 

 
The two hallmarks characteristic features of the neuropathological changes of AD 

brain consist of abundant extracellular amyloid plaques and intracellular neurofibrillary 

tangles29-32. For a diagnosis of definite AD, the presence these lesions must be directly 

examined in brain tissue samples. They result from the abnormal extracellular accumulation 

and deposition of the amyloid-β peptide (Aβ) with 40 or 42 amino acids (Aβ40 and Aβ42), two 

byproducts of the metabolism of the amyloid precursor protein (APP) after its sequential 

cleavage by the β- and γ-secretases enzymes. Aβ42 is more abundant than Aβ40 within the 

plaques since it has a higher rate of fibrillization and is also more insoluble. Once produced, 

Aβ proteins accumulate outside the cell, forming small, soluble oligomers. These then 
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aggregate further and combine with other proteins and cellular material, eventually forming 

insoluble plaques between the neurons. 

Neurofibrillary tangles (NFTs) are insoluble, twisted fibers found inside neurons, 

whose main protein constituent is microtubule-associated protein tau. Neurons have a system 

of specialized filaments called microtubules that transport nutrients, organelles, and other 

essential materials from the cell body to the tip of the axon. Tau protein facilitates the axonal 

transport by binding and stabilizing the mictrotubules. With the development of AD, tau 

protein undergoes hyperphosphorylation, misfolding, and aggregation, giving rise to the 

formation of neurofibrillary. These disrupt the stability of the microtubules, ultimately 

leading to cell death.  

The amount of Aβ in the brain is determined by a balance between Aβ production and 

degradation/clearance mechanisms. In AD, there is a significant decrease in Aβ clearance. 

The observed imbalance between Aβ production and clearance led to propose of the amyloid 

cascade hypothesis (ACH). ACH suggests that the deposition of the Aβ peptide in the brain 

is the initial pathological event in AD leading to formation of amyloid plaques, triggering the 

hyperphosphorylation of tau, and then to formation of neurofibrillary tangles, neuronal cell 

death, and ultimately dementia33,34. The ACH is the dominant model of AD pathogenesis and 

had guided the development of several AD medications. Recent trials of three different Aβ 

antibodies (solanezumab, crenezumab, and aducanumab) are in Phase III clinical and the 

results of phase II trials have suggested a modest slowing of cognitive decline in mild AD 

patients35,36.  
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Figure 2.3: Amyloid cascade hypothesis of AD. The hypothesis proposes that there is 
a primary imbalance between Aβ production and its subsequent clearance. Aβ oligomersmay 
inhibit hippocampal function and impair the synaptic function, as well as leading to 
inflammation and oxidative stress caused by the aggregation and depositing of Aβ. These 
processes combine to impair neuronal and synaptic function with resulting neurotransmitter 
deficits and cognitive symptoms. Tau pathology with tangle formation is regarded as a 
downstream event, but could contribute to neuronal dysfunction and cognitive symptoms. 
This figure has been extracted and reprinted by permission from Hardy and Selkoe, 201633. 

AD can be divided into two types which share the same pathological features: late-

onset AD (LOAD) which tends to manifest after age 60, and the less common familial AD 

(FAD) which typically has an earlier onset. The work presented in this thesis relates to cases 

of LOAD. Age is the most significant risk factor associated with the development of LOAD 

(Rocca et al., 1991), although genetic, environmental, and other factors are also relevant. The 
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APOE gene is the only one so far shown to be associated with the development of LOAD. 

The protein encoded by this gene, apolipoprotein E, is a major cholesterol carrier that 

supports lipid transport and injury repair in the brain. There are three major alleles of the 

APOE gene: ε2, ε3, and ε4. The most common allele is ε3, which is present in 70-80% of 

most populations (Zannis et al., 1981). The ε4 allele is associated with an increased risk of 

developing LOAD, whereas the ε2 allele decreases the risk37. 

2.3 The Alzheimer’s Disease Neuroimaging Initiative  

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) is an ongoing, 

longitudinal, multicenter study designed to characterize clinical, genetic, imaging and 

biochemical biomarkers of AD and to identify the relationships between them over the 

course of disease progression from normal cognition to MCI to dementia. 

The initial ADNI study was funded as a public/private partnership with $40 million 

from the National Institute on Aging (NIA) and $27 million from 20 companies in the 

pharmaceutical industry for a total of $67 million in 2004. The first phase of ADNI (ADNI-

1) has observed 400 subjects with late mild cognitive impairment (LMCI), 200 subjects with 

probable early AD and 200 normal controls. The ADNI study was extended by enrollment of 

200 additional subjects with early MCI (EMCI) through a two year Grand Opportunities 

grant (ADNI-GO) in 2009 and a renewal of ADNI (ADNI2) in October, 2010 through to 

2016, with enrollment of an additional 550 participants diagnosed as cognitively normal or 

with varying degrees of cognitive impairment. The ADNI battery includes serial evaluations 

through neuroimaging, CSF, and other biomarkers, and through clinical and 

neuropsychological assessments.  
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2.4 AD biomarkers in the ADNI study 

ADNI participants undergo regular clinical, cognitive and functional assessments, and 

some also opted to undergo lumbar punctures for the collection of CSF biomarkers such as 

Aβ42 and tau. All ADNI participants had structural magnetic resonance imaging (MRI) scans 

to obtain regional brain volumes, and approximately 50% also underwent positron emission 

tomography (PET) imaging with the tracer [18F]-fluorodeoxyglucose (FDG). Some 

participants additionally underwent PET imaging with the tracer [11C]-Pittsburgh compound 

B (PiB). FDG-PET images depict brain function in terms of the rate of cerebral glucose 

metabolism, and PiB-PET images can show the distribution of amyloid deposition in the 

brain. 

The ADNI study has helped AD researchers to identify and quantify the patterns and 

rates of change of imaging and CSF biomarker measurements during progression of AD. 

Based on findings in various ADNI studies, Jack et al., 201038 proposed a hypothetical 

temporal model of biomarker dynamics during AD progression (Figure 2.4). The model 

states that decreased levels of soluble CSF Aβ42 and increased retention of Aβ tracers in 

cortex on PiB-PET are considered the earliest biomarkers of AD and are reflecting abnormal 

accumulation of amyloid plaques. Following abnormal accumulation of Aβ, increased levels 

of CSF tau protein can indicate neuronal damage. Synaptic dysfunction follows resulting in 

decreased FDG uptake measured by PET. As disease progresses, atrophy in AD specific 

brain regions becomes detectable by MRI. Cognitive decline becomes evident at the onset of 

early MCI and functional decline becomes evident at the onset of dementia and accelerates as 

the disease progresses. These biomarkers are consistent with disease trajectories predicted by 

Aβ cascade and tau mediated neurodegeneration hypotheses for AD. 
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Figure 2.4: A hypothetical model of Alzheimer’s disease biomarkers. Biomarker 
measures vary from normal to abnormal as a function of disease stage. Amyloid 
accumulation precedes cognitive and functional decline by years, and changes only gradually 
once symptoms develop. This figure has been extracted and reprinted by permission from 
Aisen et al., 201039. 

Integration of ADNI biomarker data with clinical, genomics and metabolomics data 

will help to better understand the biology and pathobiology of normal aging, MCI and AD 

through identification of dysregulated pathways. We will briefly review the AD biomarkers 

in the ADNI study in following subsections. 

2.4.1 Cerebrospinal fluid  

It has been widely accepted that CSF markers (Aβ42, total tau (t-tau) or 

phosphorylated tau(p-tau) levels) are the among the most promising AD biomarkers that can 

distinguish different clinical stages with high specificity and sensitivity 40-42. CSF is extracted 
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by lumbar puncture, in which a needle is inserted between the lumbar vertebrae into the 

subarachnoid space of the spinal canal.  

CSF markers individually have high sensitivity and specificity in discriminating AD 

from cognitively normal controls43, however, several studies demonstrated low specificity in 

distinguishing AD from non-AD dementias such as frontotemporal dementia, Lewy body 

dementia and vascular dementia44-46. When considered in combination, the diagnostic 

performance increases considerably in distinguishing AD patients from healthy individuals, 

as well as from patients with other types of dementia 47-49. The combined CSF biomarkers 

define a so-called “AD signature” consisting of reduced CSF Aβ42 and elevated total and p-

tau. Levels of CSF Aβ and tau levels in MCI patients lie between those expected of AD 

patients and healthy individuals. Several studies suggest that among individuals with MCI, 

those with elevated tau levels and lower concentrations Aβ show faster rates of conversion to 

AD dementia50-52. In addition, a recent study of cognitively normal elderly individuals 

enrolled in ADNI has shown that baseline elevated brain amyloid is significantly associated 

with worse cognitive measures after a median of 3.1 years53. CSF samples can be obtained 

via lumbar puncture, which is an invasive procedure. Hence, a rapidly growing number of 

investigations have focused on the use of blood to search for biomarkers of AD. Several 

studies have compared CSF levels of Aβ with blood counterparts, however, no or low 

correlations between blood and CSF Aβ have been found51,54-56. A number of reasons can 

explain the low correlation between CSF and blood Aβ. First, CSF Aβ is produced in central 

nervous system (CNS) and then diffuses from interstitial fluid into the CSF. However, blood-

brain barriers which regulate the passage of solutes between blood and the CNS limit the 

passage of Aβ. In addition, blood Aβ additionally can be produced by APP metabolism in 
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skeletal muscle, pancreas, kidney, liver, vascular walls, lung, intestine, skin and several 

glands and APP can be found in almost all peripheral cells44,57,58 or can be produced by 

activated platelets in plasma59. Hence, blood Aβ may only partially reflect altered APP 

metabolism or Aβ in the CNS. The similar trend was also observed for tau, which is thought 

to be released from damaged neurons as they undergo neurofibrillary degeneration 60Kahle et 

al., 2000). Therefore, blood tau or Aβ may not be good candidates for biomarkers of AD. 

2.4.2 Clinical and cognitive biomarkers 

The neuropsychological battery used in ADNI is comprehensive and includes 

measures of memory, executive function, attention, visuospatial ability, and language. Some 

of the tests include: 

2.4.2.1 The Rey Auditory Verbal Learning Test (RAVLT)61  

The test is a powerful neuropsychological tool for testing episodic memory. It 

evaluates a wide diversity of functions: short-term auditory-verbal memory, rate of learning, 

learning strategies, retroactive, and proactive interference, presence of confabulation of 

confusion in memory processes, retention of information, and differences between learning 

and retrieval. Participants are given a list of 15 unrelated words repeated over five different 

trials and are asked to repeat. Another list of 15 unrelated words are given and the client must 

again repeat the original list of 15 words and then again after 30 minutes. Approximately 10 

to 15 minutes is required for the procedure.    

2.4.2.2 AD Assessment Scale-Cognitive Subscale- 13-item scale (ADAS-Cog13)62 

It is the most widely used general cognitive measure in clinical trials of AD. The 

ADAS-Cog assesses multiple cognitive domains including memory, language, praxis, and 
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orientation. ADAD-Cog13 score ranges from 0 to 85 points with higher scores indicated 

greater severity. 

2.4.2.3 Mini-Mental State Examination (MMSE)63 

The MMSE is a general screening test for cognitive loss. It includes 11 items 

covering a person's orientation to time, place, recall ability, short-term memory, and 

arithmetic ability with a range of 0 (worst) to 30 (best).  

2.4.2.4 ADNI composite score for memory and executive function 

The composite scores for memory (ADNI-Mem)64 and executive function (ADNI-

EF)65 were derived using data from the ADNI neuropsychological battery. Detailed 

psychometric calculation protocols are available for download at https://ida.loni.ucla. edu/. 

ADNI-EF was calculated using a combination of WAIS-R Digit Symbol Substitution, Digit 

Span Backwards, Trails A and B, Category Fluency, and Clock Drawing scores, and ADNI-

Mem was calculated as a composite of the RAVLT, ADAS-Cog, and Logical Memory data. 

The authors showed that these composite scores can increase the measurement 

precision by avoiding idiosyncratic features of a particular test that may capitalize on chance, 

and can limit the number of statistical tests needed compared to analyzing each of the 

constituent parts separately. In addition, the composite scores can measure a wider range of 

cognitive impairment than each individual item or subdomain. In studies using ADNI data, 

ADNI-Mem and ADNI-EF have proven to be useful for predicting changes in MMSE scores 

24-months after initial assessment of AD, and for characterizing relationships between these 

scores and measures derived from brain imaging and CSF markers66-68. 
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2.4.3 Structural Magnetic Resonance Imaging 

Progressive cerebral atrophy and structural changes in brain is a characteristic feature 

of AD that can be visualized and assessed non-invasively with MRI. As shown in Figure 2.5, 

AD patients typically have evidence of cortical atrophy, and enlarged ventricles in 

comparison with healthy individuals.  

 

Figure 2.5: MR images of cognitively normal subjects, MCI and AD patients. 
Ventricular expansion and cortical atrophy is observed in MCI and AD patients. This figure 
has been extracted and reprinted by permission from Vemuri and Prashanthi, 201069. 

Medial temporal lobe atrophy is closely associated with AD. Histological studies 

show that the hippocampus, amygdala and entorhinal cortex are particularly vulnerable to 

AD pathology70. Correlation has been found between the rate of temporal lobe atrophy and 

both current cognitive performance and future decline, even among healthy individuals71. 

Increased rates of hippocampal atrophy in both AD and MCI patients compared to 

cognitively normal individuals have been observed72,73. Longitudinal studies have 

additionally shown that the rate of hippocampal atrophy accelerates over time in both AD 

and MCI patients27,28. However, hippocampal atrophy alone is not sufficient to predict 

conversion from MCI to AD, and other structures may prove more sensitive74. 
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An analysis of the ADNI MRI data found that an increased rate of hippocampal 

volume loss was associated with presence of the APOE ε4 allele in AD patients, and with 

reduced levels of CSF Aβ in MCI patients72. Another analysis showed that the rate of 

temporal lobe atrophy in AD is correlated with reduced CSF Aβ and elevated CSF tau, and 

that it is significantly faster in MCI patients that later convert to AD than in nonconverters75. 

2.4.4 Fluorodeoxyglucose Positron Emission Tomography  

Fluorodeoxyglucose (FDG) is a 18F labelled glucose analogue, whose distribution in 

the brain gives an indication of the cerebral metabolic rate of glucose (CMRgl). As shown in 

Figure 2.6, AD patients typically have reduced glucose metabolism in temporo-parietal 

regions of the brain in comparison with healthy individuals. 

 

Figure 2.6: FDG-PET images in cognitively normal individual and AD pateint. 
Reduced glucose metabolism (yellow and blue cortical regions) in temporo-parietal regions 
of the brain of AD patients. This figure has been extracted and reprinted by permission from 
Johnson et al., 201276.  
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Numerous FDG-PET studies have shown that both MCI and AD are associated with 

significant reductions in the CMRgl in brain regions preferentially affected by the disease77-

83. AD patients display reductions of greater magnitude and spatial extent than MCI patients. 

Reductions in the CMRgl in AD patients can predict both their cognitive decline and 

histopathological diagnosis84-86, while those in MCI patients can predict their conversion to 

AD87,88. Longitudinal studies have shown that these patterns slowly worsens in parallel with 

symptoms89,90. Based on comparisons of AD and MCI patients, it has been suggested that 

posterior regions are preferentially affected in the earlier stages of AD, with anterior regions 

such as the frontal cortex becoming involved only in the later stages of the disease79,89. 

Cognitively normal individuals with one or two APOE ε4 alleles already have 

reduced CMRgl in some of the regions affected by AD79,91. This finding suggests that FDG-

PET can provide an early indicator for the disease. A single study of a small group of MCI 

patients92 has demonstrated complete separation of those that rapidly converted to AD and 

those remaining stable, using a combination of reduced CMRgl in AD-typical regions and 

APOE ε4 status. 

2.4.5 Pittsburgh compound B positron emission tomography  

PiB is a 11C labelled thioflavin-T derivative that binds to amyloid plaques in vivo and 

is used as a powerful non-invasive biomarker of AD. As shown in Figure 2.7, AD patients 

typically have increased PiB retention in areas known to accumulate significant amyloid 

deposits in comparison with healthy individuals.  



 

20 

 

Figure 2.7: PiB-PET images of cognitively normal, MCI, and AD subjects. PiB-
PET depict patterns of cortical amyloid-β deposition in brain. Some control and MCI 
subjects show elavated amyloid levels (NC+, MCI+, and MCI++). This figure has been 
extracted and reprinted by permission from Johnson et al., 201276. 

A number of PiB-PET studies have reported cortical PiB retention in AD patients, 

and mostly non-specific retention in the white matter in healthy individuals93-95. Cortical PiB 

retention is also observed in MCI patients, but to a lesser extent than in AD. An inverse 

correlation has been found between cortical PiB retention and levels of CSF Aβ42
96. Patients 

are often classified as PiB positive or negative, where a global cortical to cerebellar ratio is 

defined to separate the two groups. Independent studies have consistently found that 

approximately 30% of cognitively normal elderly individuals would be classified as PiB 

positive according to such criteria97,98. A recent study using ADNI PiB-PET data 

demonstrated that elevation in baseline brain amyloid level among cognitively normal 

individuals, compared with normal brain amyloid level, is associated with higher likelihood 

of cognitive decline99. Thus, PiB-PET may be used to identify cognitively normal individuals 

who will subsequently develop the disease. 
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2.5 Metabolomics 

Metabolomics is an emerging field of omics science aiming at the measurement of all 

endogenous and exogenous low molecular-weight metabolites (molecular weight <1,500Da) 

that results from cellular processes within a biological sample such as cell, tissue, organ or 

body fluid under given conditions at a specific point in time100-102. The small metabolites 

include the intermediates and end products of metabolism, and they compass both primary 

metabolites (e.g. sugars, amino acids, fatty acids and organic acids) and secondary 

metabolites (e.g. phenylpropanoids and alkaloids). The metabolome refers to the complete set 

of metabolites. 

As part of a system biology perspective, metabolomics has become an important 

complement to other -omics approaches including genomics, transcriptomics, and 

proteomics103. Metabolites are substrates and products of biochemical reactions. Hence, their 

levels are able to capture alterations in gene and protein activities that are associated with 

disease. Metabolites can be regulated through metabolic pathways or can regulate 

transcription and translation.  In addition, metabolite levels are highly influenced by 

environment factors such as diet, disease status and medication104. That means metabolite 

levels are regarded as the final response of an organism to both environmental factors and 

genetic modifications. Hence, analysis of the metabolome provides many advantages over 

other “omics” layer to study the effect of genetic variation, treatment or diet on phenotypes 

of interest105-107. One other important advantage of metabolomics compared to other “omics” 

is that metabolome has far fewer metabolites than genes, RNA transcripts, and proteins. With 

fewer variables, problem of multiplicity can be alleviated. Thus, it allows to identify 

biologically meaningful patterns with a more statistical power.  
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Figure 2.8: The central dogma of biology and the “omic” cascade. Genes and 
proteins are subject to regulatory epigenetic processes and post-translational modifications, 
respectively. Metabolome captures all upstream regulatory modifications and environment 
effects, represents downstream biochemical end products and are closer to the phenotype. 
Thus, it is easier to associate metabolomic profiles with phenotype compared to genomic, 
transcriptomic and proteomic profiles. This figure was extracted and reprinted by permission 
from Ritchie et al., 2015108. 

 
2.5.1 Untargeted and Targeted Metabolomics 

In metabolomics, metabolites are discovered, structurally characterized, and 

quantified. The main methodologies that are used for metabolite recovery and identification 

are (a) untargeted (metabolomic fingerprinting or global metabolomics) and (b) targeted 

(metabolomic footprinting)105,109,110. A typical workflow for metabolomics studies is 

illustrated in Figure 2.9. 
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Figure 2.9: Typical workflow in mass spectrometry based metabolomics. 
Workflows in (a) targeted and (b) untargeted metabolomics studies. Raw data are 
sequentially processed in multiple phases, including feature detection, alignment and 
normalization. Standard data and public databases that include metabolite information, such 
as mass spectrometric data, are used for subsequent feature identification. These processes 
are then assessed using quality control criteria and the previous phase is repeated if 
necessary. Once calibrated, the data matrix (aligned detected features across multiple 
datasets) can be transferred for subsequent data analysis phases. This figure has been 
extracted from Patti et al., 2012105. 

2.5.1.1 Untargeted Metabolomics  

Metabolomic fingerprinting or untargeted metabolomics is an unbiased analytical 

chemistry approach that detects as many metabolites as possible without a priori knowledge 

of their identity. The method allows scientists to describe and to compare the pattern or 

fingerprints of all identified metabolites among control group and the ones that are affected 

by pathological states like exposure to toxins, diseases, and genetic or environmental 

alterations. The type and characteristics of metabolites detected will depend on the sample 

preparation and mass-spectrometry analysis. 
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The primary advantage of this approach is that it provides an unbiased means to 

measure relative abundances of metabolites from multiple pathways simultaneously and to 

examine the relationship the metabolites. However, there are a large number of unknown 

metabolites (peaks) that their chemical structure, cellular function, anatomical location and 

metabolic pathway remain uncharacterized in metabolite databases105,111,112. Over the past 

decade, with the advancement in the technology and subsequent cost reduction, the number 

of annotated metabolites in databases has been increased x`, facilitating untargeted 

metabolomics studies. 

2.5.1.2 Targeted Metabolomics 

Metabolomic footprinting is a hypothesis-driven approach where a specific question 

is being addressed. Small and predefined sets of metabolites are selected, typically focusing 

on a few pathways of interest, prior to analysis and specific analytical methods are then 

designed for the metabolites’ identification112,113. One of the key features of targeted 

metabolomics is the use of isotope-labeled internal standards, which allows for the clear 

identification and quantification of metabolites. Therefore, targeted metabolomics results in 

the high sensitivity and accurate detection and quantification of metabolites. The advantages 

of this kind of approach compare to the untargeted approaches include a higher degree of 

sensitivity, absolute (instead of relative) quantification of metabolites and easy identification 

of compounds105. However, the number of measured metabolites are usually smaller than the 

ones measured by the untargeted techniques. 

2.5.2 Analytical instruments 

The rapid development of metabolomics in recent times is mainly due to the advances 

in the instrumentation used to detect metabolites. To date, the two main technical approaches 
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for the generation of metabolomic data are are (a) mass spectrometry (MS) and (b) nuclear 

magnetic resonance (NMR) spectroscopy. 

2.5.2.1 Mass spectrometry 

Mass spectrometry (MS) is an analytical technique that can provide both qualitative 

(structure) and quantitative (molecular mass or concentration) information on metabolite 

molecules after their conversion to ions114. The spectrometer acquires spectral data in the 

form of a mass-to-charge ratio (m/z) and a relative intensity of the measured compounds. The 

spectrometer generates the peaks signals for each metabolite by first ionizing the biological 

samples. The ion signal is processed into mass spectra, and the detected peaks can provide 

molecular weight and in some cases structural information115. 

A wide range of instrumental and technical variants are currently available for MS. 

These variants are mainly characterized by different ionization and mass selection 

methods116. Separation techniques are often used before the compounds are introduced into 

the mass spectrometer to enhance sensitivity and aid the identification of metabolites. Liquid 

and gas chromatography columns (LC and GC, respectively) and capillary electrophoresis 

are the most commonly used separation techniques117,118. The chromatographic separation 

techniques are based on the interaction of the different metabolites in the sample with the 

adsorbent materials inside the chromatographic column. Each type of chromatography 

exploits the physicochemical properties of the metabolites in order to produce a separation of 

the mixture: volatility (vapor pressure) is used in gas chromatography, polarity 

(hydrophilicity/hydrophobicity) in liquid chromatography, and a combination of 

polarizability and molecular shape in capillary electrophoresis. This way, metabolites with 

different chemical properties will require different amounts of time to pass through the 
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column. The time that each metabolite requires is called retention time and together with the 

m/z MS values is used to generate the two axes of the LC/MS and GC/MS spectral data. 

Figure 2.9A depicts a typical metabolomic workflow using LC/MS. 

2.5.2.2 Nuclear Magnetic Resonance (NMR) Spectroscopy 

NMR spectroscopy is a quantitative, non-discriminating, non-destructive technique 

that provides detailed information about solution-state molecular structures 119. The principle 

of NMR is that magnetic nuclei in a magnetic field absorb and re-emit electromagnetic 

radiation at a specific resonance frequency depending on the strength of the magnetic field 

and the magnetic properties of the isotope of the atom 119,120. Depending on the atom nuclei 

being targeted by the applied magnetic field, different types of metabolomic data are 

generated. However, in the analysis of samples of biological origin, hydrogen is the most 

commonly targeted nucleus (1H-NMR), due to its natural abundance in biological samples. 

Although less frequent, other atoms like carbon (13C-NMR) and phosphorus (31P NMR) are 

also targeted by NMR, providing additional information on specific metabolite types121. The 

spectral data acquired from NMR-based spectrometry can be used to quantify metabolite 

concentrations and and to identify their chemical structure. 

The spectral peak areas generated by each molecule are used as an indirect measure 

of the quantity of the metabolite in the sample, while the pattern of spectral peaks informing 

on the physical properties of the molecule is used to identify the type of metabolite. The 

spectral data obtained with NMR techniques can be referenced to one or two frequency axes. 

One dimensional NMR (1D-NMR) spectra are based on a single frequency axis, where the 

peaks of each molecule are placed within its resonant frequencies. 1D-NMR is the most 

commonly used method in high-throughput metabolomics studies. Conversely, two 
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dimensional NMR (2D-NMR) spectra are based on two frequency axis, and its use is often 

restricted to the characterization of those compounds that cannot be identified with 1D-NMR 

spectra. The second dimension in 2D-NMR allows to separate otherwise overlapping spectral 

peaks and, therefore, gives additional and important information on the chemical properties 

of the metabolite122. 1D- and 2D-NMR frequency axes are usually referenced by the 

chemical shift expressed in parts per million (ppm). The chemical shift is calculated as the 

difference between the resonance frequency and that of a reference substance, subsequently 

divided by the operating frequency of the spectrometer123. 

NMR spectroscopy has several advantages, including the possibility of performing 

high-throughput measurements, minimal requirements for sample preparation, high 

reproducibility of results, low cost per measurement, high speed of data acquisition and the 

non-discriminating and non-destructive nature of the technique124,125.. However, NMR 

spectroscopy has a relatively low level of sensitivity and can detect only metabolites at 

medium-to-high levels of abundance126. In contrast, MS‑based metabolomics provides 

highly selective and sensitive quantitative analyses with the potential to identify individual 

metabolites127, and thus it is usually the analytical instrument of choice in targeted studies in 

clinical chemistry laboratories128.  

2.5.3 Spectra Data Processing 

The data generated in a metabolomics experiment are stored in a matrix of intensity 

values that has N observations (samples) of K variables (peaks, bins, etc.). Robust 

computational tools are essential to analyze the acquired spectra data to convert the raw data 

into a numerical format that can be used for downstream statistical analysis. These spectral 

data processing methods are not only depending on the type of analysis used (targeted or 
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untargeted approach), but also on the analytical technique used (e.g., NMR, LC-MS, or GC-

MS). For targeted analyses, processing is generally straightforward as there are often isotope-

labeled or authentic standards used for validation. For untargeted metabolomics, this involves 

multiple steps, including filtering, feature detection, alignment, and normalization129,130.  

Filtering methods are aiming to remove measurement errors and to reduce noise. Feature 

detection is used to detect peaks from the raw signal. Alignment methods aiming to cluster 

measurements from across different samples usually using external standardized samples and 

finally normalization removes unwanted systematic variation between samples. Following 

the spectral analysis steps, reference metaboloic databases are queried to map the identified 

features to metabolite names. In MS-based studies, the neutral molecular masses which are 

inferred from the peaks m/z values and retention time are used in database query. In MNR-

based studies, metabolite identification is commonly performed by matching the measured 

NMR peaks against a set of reference metabolite patterns. 

2.5.4 Handling ‘unknowns’ metabolites    

Unambiguous identification of metabolites from spectral data is one of the major 

challenges in untargeted metabolomics studies 131,132. In untargeted MS-based metabolomics, 

thousands of metabolite peaks or features are detected. The peaks are defined by a unique 

combination of a mass-to-charge ratio (m/z) and retention time. Typically, relatively few of 

the features are characterized through tandem mass spectrometry (MS/MS) experiments that 

require additional time and incur additional cost, and the majority of the features remain 

unknown. These metabolites, the so called unknowns, are important to consider. In several 

studies has been shown that the levels of many of these unknown metabolites are strongly 

correlate with clinical phenotypes133-135. The unknown metabolites are usually excluded from 
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downstream statistical analysis 136-138. Several computational methods have been proposed to 

determine the identity of these unknown metabolites. These methods often integrate genotype 

data, metabolomic data, protein-protein interaction networks, and information on metabolic 

pathways derived from the literature to predict the identity of unknown metabolites139,140. As 

an example, Suhre et al., 2011141 determined the metabolic pathway that an unknown 

metabolite is most likely to belong to by identifying the genetic variants that are associated 

with the unknown metabolite. Then, those variants can be used to link unknown metabolites 

to the implicated pathways. The advantage of such methods is that they can be applied to 

public metabolomic databases, for which data on retention times, isotope patterns and 

fragmentation are not readily available. 

2.5.5 Applications of metabolomics in clinical research 

Over the past decade, the advancement in metabolomics technologies have enabled 

more metabolites to be measured simultaneously, more rapidly with a lower cost which 

consequently leads to a growing number of mainstream biomedical applications. Particularly, 

metabolomics has been used for biomarker discovery efforts in a wide variety of diseases as 

well as for understanding disease mechanisms, for systematically searching for drug targets 

and monitoring therapeutic outcomes.  

It is known that dysregulated metabolism is a hallmark of cancer, manifested through 

alterations in metabolites142-144. In a kidney cancer study, metabolomics profiling of 138 

matched clear cell renal cell carcinoma (ccRCC)/normal tissue pairs indicated that ccRCC is 

characterized by broad shifts in central carbon metabolism, one-carbon metabolism, and 

antioxidant response. In addition, tumor progression and metastasis are associated with 

metabolite increases in glutathione and cysteine/methionine metabolism pathways145. Other 
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studies of urine samples of patients with kidney cancer have discovered that urinary 

excretion of several acylcarnitines, α-ketoglutarate and quinolinate is altered in patients 

suffered from kidney cancer as compared to controls146-148. 

In a breast cancer study, metabolomics analysis of tumor samples has shown that the 

ratio of glutamine to glutamate correlates with estrogen receptor (ER) status, tumor grade and 

overall survival149. However, larger studies are needed to validate predictive or prognostic 

ability of that finding. NMR-based metabolomics studies of fine needle aspirates of 

suspected early breast cancer showed that malignant tissue, nodal involvement and tumor 

vascular invasion could be predicted with high accuracy150, and could be used to predict 

grade, ER and progesterone receptor (PR) status, or axillary spread151,152. In addition, a 

metabolomics study of serum samples of patients with breast cancer has identified that levels 

of four metabolites, threonine, glutamine, isoleucine and linolenic acid, were correlated 

strongly with pathologic complete response (pCR) following neoadjuvant chemotherapy153. 

In addition, several studies have utilized metabolomics techniques aiming at detection of 

altered metabolic pathways and discovery of novel biomarker candidates for other types of 

cancers. Examples include colorectal cancer154,155, prostate cancer156, bladder cancer157, 

pancreatic cancer158,159 and liver cancer160,161. 

In addition to biomarker discovery, metabolomics has helped to identify a number of 

chemical causes for cancer162. Cancer is widely considered a genetic disease causing by 

mutations in key oncogenes or tumor suppressors. However, accumulating evidence has 

suggested that it should be considered a metabolic disease163. The idea rose from the 

observation that consumption of glucose and glutamine in tumors in almost all cancer types. 

Interestingly, the glycolysis and glutaminolysis pathways are closely linked to many known 
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oncogenes and tumor suppressors164. In addition, metbolomics studies have discovered a 

number of oncometabolites. Oncometabolites are endogenous metabolites and their 

accumulation initiates or sustains tumor growth and metastasis. The first discovered 

oncometabolite was 2‑hydroxyglutarate, a natural metabolite that is found in high 

concentrations in gliomas165. This compound seems to indirectly alter histone methylation 

patterns, which ultimately leads to tumorigenesis. Since the discovery of 2‑hydroxyglutarate, 

many other oncometabolites have been identified166,167 that act as signaling molecules or 

allosteric regulators that control important cell division processes168,169.  

Apart from cancer research, metabolomics has been applied to better understand the 

etiology of many other disorders including metabolic, neurological and psychiatric diseases. 

Type 2 diabetes is a well-known metabolic disorder, but its underlying molecular causes 

remain poorly understood. A sugar-rich diet and physical inactivity can contribute to disease 

development, but physically fit individuals may also develop diabetes170 suggesting that 

genetics may play a part. Besides genetics, several metabolomics studies have discovered 

that high serum levels of branched-chain amino acids (leucine, isoleucine, valine), aromatic 

amino acids, and aminoadipic acid, a little-known amino acid, are causal agents of type 2 

diabetes171-175. Interestingly, longitudinal study of metabolite profiles of individuals enrolled 

in Framingham Heart Study revealed that levels of these markers were elevated up to 12 

years prior to the onset of diabetes171. These amino acids specifically act on the mammalian 

target of rapamycin (mTOR) receptor and upregulate the same pathways and physiological 

processes as insulin171,176. High levels of these amino acids could lead to insulin resistance 

and diabetes. Hence, genes related to catabolism of these amino acids might serve as 

potential targets for the treatment of insulin resistance associated metabolic disorders. 
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Subsequent research has shown that these diabetes-predictive amino acids are also novel 

markers for development of cardiovascular diseases177-179. 

In recent years, metabolomics has also gained attention in diseases with previously 

unknown or unexplained causes, including: autism and schizophrenia180, Alzheimer disease’s 

disease181, Parkinson’s disease182,183, as well as asthma and inflammatory bowel disease184. 

Metabolic studies of blood samples identified several amines, including the branched-chain 

amino acid, valine, and α-aminoadipic acid, changed in symptomatic stages and predictive of 

conversion from MCI to AD185,186. In a biomarker discovery study, Mapstone181 discovered a 

set of 10 blood lipids predictive of conversion from cognitively normal to MCI or AD in 2 -3 

years with high accuracy.  

2.6 Data analysis of metabolomic profiles 

Metabolomic profiles are high-dimensional as the concentrations of several hundred 

metabolites may be measured by means of nuclear magnetic resonance spectroscopy or mass 

spectrometry platforms. In addition, such data are usually noisy and are highly correlated 

with one another, which makes data analysis challenging. Data preprocessing plays an 

important role and can substantially affects subsequent statistical analysis results. In order to 

obtain data matrices that are appropriate for any downstream statistical analysis, several 

curation and quality control (QC) steps should be performed with the aim of reducing 

systematic biases and technical variations187,188. After data preparation step, typically the 

following steps are taken: 1) different univariate and multivariate methods are used to 

generate an overview of the dataset and to identify metabolite that are differentially 

expressed among experimental conditions; 2) data mining techniques are applied to extract 

meaningful and interpretable experimental results often through clustering, classification, 
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feature extraction and pathway analyis129. In the following subsections, I will interrogate 

methods commonly used in different stages of a typical metabolomics pipeline. 

2.6.1 Preprocessing and quality control assessment of metabolomics data 

2.6.1.1 Imputation of missing values 

The high rate of missing values (also so-called non-detects or <limit of detection) is 

common in metabolomics data. These missing values usually correspond to metabolites that 

are absent in some samples or are present but at levels too low to be measured with high 

certainty. For statistical analysis, it must be decided how to handle these missing values. 

Many statistical methods such as regression or principal component analysis cannot handle 

missing values. Thus, one approach is to exclude the samples with missing values from the 

dataset, but this leads to loss of statistical power due to decrease of sample size. One other 

approach is to apply imputation methods. To date, several imputation methods exist and are 

publicly available189-191.  

The mass spectrometry data are assumed to be left-censored. Left-censoring means 

the values are missing because of low signal intensity (i.e., left tail) across the full 

distribution of possible measured intensity values (in contrast by missing by random 

concept). Hence, the actual unknown value lies somewhere between zero and the limit of 

detection of mass-spectrometer. Based on this fact, a simplest approach is to replace <LODs 

by a single value, e.g., zero, LOD, or a number in between192,193. A more elaborate approach 

is to perform imputation based on local structures, or based on global structures in datasets. I 

describe some well-known imputation methods in this subsection. 

k-Nearest Neighbor (kNN) imputation194 
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For a sample showing missing values, the method consists of (1) finding k most 

similar observations (samples) to the one considered (using a particular distance measure, 

e.g., Euclidean distance of Pearson’s correlation coefficient) and (2) imputing each missing 

value by averaging (or taking median instead of mean) the k sample values. An extension to 

this method is weighted kNN which replaces missing values with a weighted average of the 

k-neighbors (e.g., 1/distance as weights). 

Iterative Singular Value Decomposition (SVD) imputation194 

Assume the rows in the data matrix of metabolic profile correspond to samples and 

columns correspond to metabolites. SVD imputation first initializes all missing values to the 

column means, or 0 if all entries in the column are missing. Then, until convergence, 

computes the first k terms of the SVD of the completed matrix. Replaces the previously 

missing values with their approximations from the SVD, and compute the distance (e.g., 

residual sum of square) between the non-missing values and the SVD. Iterates low rank 

approximation steps until reaches certain convergence threshold. 

Random tail imputation (RTI)195 

This method was first developed for imputation of proteomics data. RTI assumes that 

all metabolites follow a single normal distribution with mean µ and standard deviation σ, 

which can be estimated from data. Missing values are then drawn from a truncated normal 

distribution to obtain values that are within with the left tail of the distribution, N(µ,σ) – k. 

The parameter k is selected as a maximum value that allows the imputed data to merge into 

the left tail of the base distribution N(µ,σ) without yielding a bimodal distribution. 

Quantile Regression Imputation of Left-Censored imputation (QRILC)190 
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Similar to RT imputation, QRILC imputation was specifically designed for left-

censored data, data missing caused by lower than limit of detection. This method imputes 

missing elements with randomly drawing from a truncated distribution estimated by a 

quantile regression. 

2.6.1.2 Batch effect correction 

In metabolomics studies, similar to other -omic experiments, variation in metabolite 

levels may be confounded by unwanted variation (e.g., batch variation, laboratory variation, 

etc). Hence, to obtain metabolite measurements that are comparable across all plates, 

removal of this unwanted variation is a vital step in the analysis of metabolomics data. 

Several different algorithms are available to perform batch correction. Here, I review some 

commonly used methods approaches which have attempted to remove batch effect. 

Sample-specific scaling factor 

In this approach, a sample-specific constant (scaling factor) which assigns an 

appropriate weight to each sample is calculated. Normalizing by the median or by the sum of 

squares are two of the most commonly used methods, where each sample is scaled such that 

the median or the sum of squares of all abundances in a sample equals one respectively196.  

This method is based on assumption that an increase in the abundances of a group of 

metabolites in response to a perturbation is balanced by a decrease in abundances of 

metabolites in another group. This assumption may not hold in many practical 

applications197,198. 

Metabolite-specific scaling factor 

In this method, a scaling factor for the jth metabolite of the ith sample is computed 

using quality control samples. Then, the corrected value for the jth metabolite of the ith 
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sample is calculated by dividing its old value by the scaling factor199. The quality control 

samples are composed of identical amounts of metabolites which are supposedly 

representative of those of the biological samples. Two types of quality control samples are 

being used in metabolomics studies: pooled biological quality control samples where each 

sample is a mixture of small aliquots of each biological sample present in the study, or 

externally purchased quality control samples where each sample is a mixture of small 

aliquots of multiple commercial samples. 

 

Regression based batch effect removal 

In a (linear) regression framework, batch information and, possibly, injection orders 

can be used to remove batch effect. A generic model could be: 

!",$ = !&,$-!( + !  

where !",$    and !",$    are the corrected and uncorrected metabolite levels for metabolite x in 

injection i, respectively, and x   is the average metabolite concentration of this metabolite 

across all batches. The predicted intensities !"   in the above model can be obtained by linear 

regression using plate information and injection order. 

2.6.1.3 Other preprocessing steps 

In addition to imputation and batch effect removal, QC phase may include feature 

transformation (e.g., log transformation and power transformation) and outlier removal to 

increase stability in subsequent statistical analysis and to remove spurious associations.  

2.6.2 Statistical analysis of metabolomic profiles 

In the next stage of data analysis, the objective usually is to find patterns within the 

data which give useful biological information that can be used to generate hypotheses that 
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can be further tested and refined. A wide variety of statistical methods and data mining 

approaches can be applied depend on the kind of experiment performed. In the following 

subsection, I illustrate both univariate and multivariate methods. 

2.6.2.1 Univariate analysis methods 

It is usually the first analysis performed. In methods of univariate analysis such as 

coefficient of variation, linear regression models, generalized linear models, t‑test or 

ANOVA, each metabolite is examined separately. Such methods are adequate when the aim 

of the analysis is to identify metabolites associated with phenotype of interest. Multiplicity 

correction methods (e.g., Bonferroni correction or Benjamini-Hochberg) are usually applied 

to control family-wise error rate or false discovery rate.  

2.6.2.2 Multivariate analysis methods 

Multivariate statistics is the statistical analysis of more than one variable 

simultaneously. Since multivariate methods take into account the covariance among 

variables, in contrast to univariate method, they are commonly used in the analysis of 

metabolomic data, as such datasets consist of hundreds of correlated metabolites. 

Multivariate methods include multivariate ANOVA, multivariate regression analysis, factor 

analysis, principal component analysis, and canonical correlation analysis. In addition, 

dimensionality reduction techniques such as multidimensional scaling can be employed to 

identify homogenous groups of metabolites within the dataset.  

Upon completion of statistical testing, various visualization techniques, including 

principal component analysis (PCA), multidimensional scaling (MDS), self-organizing maps 

(SOMs)200, can be selected, from which a two or three dimensional visualization of the data 

is constructed, allowing to discern differences and similarities between metabolites in 
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Euclidean space. These techniques are specifically useful for exploratory data analysis, as 

they allow summarizing original variables in a lower-dimensional space. Here, I briefly 

review MDS and SOM. 

Multidimensional scaling201: MDS is a widely used technique in machine learning 

and pattern recognition for visualizing high-dimensional data by mapping to low-dimensional 

Euclidian distance. As an input, it takes a distance matrix D which consists of pairwise 

distances between the points. The distance function could be metric or non-metric. 

Nevertheless, the distances or similarities can be derived from a data matrix, e.g., by use of 

Euclidean distance, covariance, correlation, or mutual information. The aim is to project the 

data into a two- or low-dimensional space such that the pairwise distances in the lower 

dimension space (i.e, !"-!$   ) are as similar as possible to the distances !"#    given by the 

distance matrix, thus, minimizing the function:  

!"#- %"-%#
&

"'#   . 

 If the linear distance in the objective function above is replaced by a nonlinear projection 

(e.g, Gaussian kernel), the method will be called kernel MDS. It has been shown that the 

nonlinear projections are more efficient than the linear ones because the relationship between 

points are usually not linear.  

Self-organizing maps200: SOMs are unsupervised, competitive artificial neural 

networks (ANN) used to project high-dimensional data onto a low-dimensional space. Since 

SOM is a type of ANN, the nodes are also called neurons. SOM uses a neighborhood 

function to connect adjacent neurons. The neighborhood function is a monotonically 

decreasing function of iterated times and the distance between the neighborhood neurons and 

neuron that matches the input best. It defines the region of influence that the input pattern has 
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on the SOM and the most common choice of the function is Gaussian function. In this way, 

data points located closely in the original data space will be mapped to neurons nearby. 

Every node can thus be treated as an approximation of a local distribution of the original 

space, and the resulting map retains its topological structure. After numerous updating 

cycles, each subject is finally assigned to a corresponding neuron, and neighboring neurons 

can be treated as cluster.  Before implementing SOM, one may choose the number of nodes 

and the shape of grids, either hexagonal or rectangular. Using a hexagonal grid implies that 

one node will have six bordering nodes. After numerous updating cycles, each subject is 

finally assigned to a corresponding neuron, and neighboring neurons can be treated as mini 

clusters. These mini clusters may give hints of metabolic patterns. In order to see the clusters 

clearly, a unified distance matrix (U-matrix) representation can be constructed on the top of 

SOM. The U-matrix nodes are located among all neighborhood neurons, and the color codes 

of each node represent the average Euclidean distance among weight vectors of neighboring 

neurons202. Therefore, the gaps between clusters can be shown by the colors of U-matrix 

nodes. The “kohonen”203 package is a well-documented package in R that facilitates the 

creation and visualisation of SOMs. 

2.6.2.3 Clustering algorithms 

Cluster analysis aims to determine groups in a set of unlabeled data such that objects 

in the same group are more similar to each other than to those in other clusters. Thus, it is 

useful to identify groups of metabolites that have similar characteristics or behavior, or that 

belong to the same biological pathway. Different algorithms use a kind of similarity measure, 

such as various distances such as Euclidian distance and correlation coefficients. Among the 

many different clustering methods, K-means clustering and hierarchical clustering are the 
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most common methods in metabolomics as well as in many other areas of data analysis. 

These clusters may give hints of metabolic patterns. A major problem with such clustering 

algorithms is the fact that they return a partitioning without any estimate of the reliability of 

this result. One solution to this problem is to cluster the data repeatedly, using a randomized 

algorithm (e.g., k-means with different initialization), different algorithms, or resampling of 

the data, and observe the stability of the partitioning with respect to these changes. 

2.6.2.4 Classification algorithms 

In many metabolomics study, the primary objective is to discover and validate 

biochemical biomarkers for staging and prognosis with a high specificity and sensitivity. The 

feasibility of metabolomics for biomarker discovery is supported by the assumption that 

metabolites are important players in biological systems and that diseases cause disruption of 

biochemical pathways. In this subsection, I will briefly review two commonly used 

classification methods. 

Partial Least Squares- Discriminant Analysis (PLS-DA)204: PLS-DA is a popular 

machine learning tool that is gaining increasing attention as a useful feature selector and 

classifier in metabolomics data analysis. It is a supervised learning that uses multiple linear 

regression technique to find the direction of maximum covariance between a dataset (X) and 

the class membership (Y). PLS-DA projects X into a low-dimensional space that maximizes 

the separation between different groups of data in the first few dimensions (also called latent 

variables). These latent variables are ranked by how well they explain the Y-variance. PLS-

DA is prone to overfitting. Thus, the predicted models need to be validated and assessed to 

make sure they are not overfitted. One way to assess the robustness of the results is to 

conduct a permutation test. It can be achieved by randomly reassigning the class labels and 
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performing PLS-DA on the newly relabeled dataset. At each iteration the separation score is 

captured. The process is repeated many times, and a permutation distribution of separation 

scores is obtained. From the resulting permutation distribution, a p-value can be obtained to 

determine whether the original class assignment is significantly different from the 

distribution based on the permuted class assignments. 

Support Vector Machines205: Support vector machines are supervised learning 

models (i.e., the class labels are known for instance, e.g., disease vs. control) that map a 

given set of binary labeled training data to a high-dimensional feature space and separate the 

two classes of data using a hyperplane that maximizes the margin (the distance between the 

closest points on either side of the boundary is called margin). The closest point to the 

hyperplane are called support vectors. The original SVM algorithm was a linear classifier, 

but there have since been modifications to deal with data that are not linearly separable using 

the kernel trick206 (Figure 2.10). In the kernel methods, a nonlinear function also called 

kernel function, maps each feature vector into a higher-dimensional space with the objective 

that the data are separated by a linear hyperplane in this new space, and then the linear SVM 

algorithm can be employed to find the hyperplane in the transformed feature space. The 

kernel function acts as a similarity metric between observations in the training set. Some 

common kernels include: Homogeneous polynomial kernel: ! ", $ = " ⋅ $ '   , where . 

refers to dot product; Inhomogeneous polynomial kernel: ! ", $ = " ⋅ $ + 1 )   , and 

Gaussian kernel: ! ", $ = &"' - "-$ )
2+)   .  
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Figure 2.10: Maximum-margin hyperplane and margins for an SVM trained with 
samples from two classes. Samples on the margin are called the support vectors. (a) linear 
and (b) nonlinear SVM. The decision boundary maximizes the distance between the support 
vectors. 

2.6.2.5 Pathway analysis methods 

Dysregulated metabolites can be mapped to biological pathway through enrichment 

and pathway analyses. This allows for direct translation of quantitative data (i.e, metabolite 

profiles) into putatively biologically relevant information, provides insight into the 

mechanisms that underlie various physiological conditions and aberrant processes. 

Enrichment analysis aims to investigate the enrichment (i.e. over- and/or under-expression) 

of predefined groups of functionally related metabolites to identify significant and 

coordinated expression changes among them. Conversely, pathway analysis involves the 

description and visualization of the interactions among genes, proteins or metabolites within 

cells, tissues or organs. Its goal is to identify the pathways that significantly impact on a 

given biological process. Methods that were originally developed for gene pathway analysis 

such as over-representation analysis (ORA can be adapted for pathway analysis. ORA 

requires a list of metabolite names as input (e.g., list of differentially expressed metabolites 

between cases and controls). Then, a hypergeometric test is used to evaluate whether a 

particular pathway is represented more than expected by chance within the given metabolite.  



 

43 

In addition, tools such as The Database for Annotation, Visualisation and Integrated 

Discovery (DAVID)207 and Ingenuity Pathway Analysis208 software (IPA) can be used to 

conduct pathway analysis. All such software packages map significant metabolites to known 

biological pathways on the basis of the information contained in public databases such as the 

Kyoto Encyclopedia of Genes and Genomes (KEGG)209, Human Metabolome Database 

(HMDB)210, human Recon211, Lipid Maps212, and BioCyc213. However, pathway databases 

are far from being complete, which leads to a bias toward known metabolites. Hence, 

complementary strategies can be employed. Methods based on Bayesian networks or 

correlation-based measures can be used to reconstruct pathways from high-throughput data. 

Bayesian networks are probabilistic graphical models in which a node represents a metabolite 

and an edge between two nodes represents their conditional dependencies. Bayesian 

networks has been extensively used in transcriptomics analysis to infer gene networks from 

gene expression data214-216. A major limitation of Bayesian networks is their inability to 

model cycles and feedback loops which are common in real biological data. Correlation-

based models can be used to alleviate this limitation. In the simplest method, two nodes in a 

network are connected by an edge if their pairwise correlation lies above a certain threshold. 

Although correlation-based network reconstruction methods has been used in several studies, 

they lack the ability to take into account the effect of confounding variables on the observed 

correlation between two metabolites. Using a Gaussian graphical model (GGM) one can 

overcome this limitation. A GGM is an undirected network. The nodes represent each 

variables. Two nodes are connected if partial correlation coefficient between the two is 

statistically significant.  The partial correlation coefficient between two variable is pairwise 

correlation coefficients conditioned against correlations with all other included variables. 
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GGMs, contrary to correlation networks, can reveal the direct relations between metabolites 

and hence, their usefulness has been shown in several metabolomics studies139,185,217. 
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Question: Are bile acids produced from cholesterol metabolism in liver and by gut 

microbiome involved in Alzheimer’s disease pathogenesis?  

Findings: Bile acid profiles of ADNI participants revealed major changes in AD. Low levels 

of primary bile acids produced in liver and increased levels of secondary bile acids produced 

by gut microbiome and their ratios to primary were associated with disease, poor cognitive 

performance, cognitive decline and brain atrophy. 

Meaning: Altered bile acid profiles suggest changes in liver and gut microbiome in AD. The 

gut liver brain axis might be implicated in AD pathogenesis but further studies are needed to 

define if these changes are causative of disease. 

Abstract 

IMPORTANCE: The gut microbiome contributes to brain health and disease and might be 

implicated in Alzheimer’s disease (AD) pathogenesis. 

OBJECTIVE: To determine whether bile acid production derived from cholesterol 

metabolism in liver and by gut bacterial enzymes contribute to cognitive dysfunction and 

brain atrophy in AD.  

DESIGN, SETTING, AND PARTICIPANTS:  Blood bile acid profile was determined in 

individuals enrolled in the Alzheimer’s Disease Neuroimaging Initiative (ADNI; n=1,562; 

370 cognitively normal older adults, 98 with significant memory concerns, 284 early mild 
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cognitive impairment (MCI), 505 late MCI, and 305 AD with longitudinal cognitive scores 

and brain MRI-morphometry available with mean (SD) follow-up of 3.6 (2.5) years. Cross-

sectional and longitudinal associations of baseline bile acid profile with AD-related clinical 

and neuroimaging biomarkers were assessed using generalized linear models adjusted for 

cofounding variables and multiple comparisons. 

EXPOSURES: Targeted metabolomic profiling quantified 20 primary and secondary bile 

acids in baseline serum samples from the ADNI participants. 

MAIN OUTCOMES AND MEASURE: Primary outcomes included disease diagnosis, 13-

item Alzheimer’s Disease Assessment Scale-Cognitive subscale (ADAS-Cog13), composite 

scores for executive functioning and memory and brain structural changes measured by MRI. 

RESULTS: AD dementia diagnosis, cognitive function, and degree of brain atrophy were 

associated with lower levels of primary bile acids (cholic acid (CA) and chenodeoxycholic 

acid (CDCA)) and higher levels of bacterially-produced secondary bile acids and their 

conjugated forms (corrected p-value < 0.05). In particular, lower levels of primary bile acids 

(CA and CDCA) and higher levels of secondary bile acids or their ratios to primary 

(Glycodeoxycholic acid (GDCA), Glycolithocholic acid (GLCA), Deoxycholic acid 

(DCA):CA, and GDCA:CDCA) were associated with AD dementia diagnosis, poor cognitive 

performance, cognitive decline, and brain structural changes. CA (hazard ratio, 0.82 points 

[95% CI, 0.72-0.92]; q =.036), GDCA:CA (hazard ratio, 1.2 points [95% CI, 1.05-1.37]; q 

=.044), GDCA:DCA (hazard ratio, 1.20 points [95% CI, 1.05-1.36]; q =.043), and 

GCDCA:CDCA (hazard ratio, 1.21 points [95% CI, 1.06-1.37]; q =.043) levels were 

associated with conversion from MCI to AD dementia. Levels of CA were associated with 

longitudinal whole brain atrophy (q <0.001). 
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CONCLUSIONS AND RELEVANCE: Gut microbiome-liver metabolic dysfunctions 

represented by altered bile acid profiles are associated with progressive cognitive and brain 

structural changes, supporting a role for the gut-liver-brain axis in neurodegeneration. 

Further studies are needed to define if these metabolic changes represent a causative or 

secondary role. Bile acid involvement in AD opens avenues for novel diagnostics and 

therapeutics. 

3.1 Introduction 

Alzheimer’s disease (AD), a progressive neurodegenerative disorder, is a leading 

cause of dementia in old age affecting over 40 million people worldwide218. There are 

currently no therapies to prevent or slow AD progression, highlighting our incomplete 

knowledge of disease mechanisms and the need for new drug targets. AD has three distinct 

stages: (a) preclinical phase- a silent buildup of brain pathology, (b) prodromal phase - 

isolated memory loss or mild symptoms (mild cognitive impairment [MCI]), and (c) AD 

dementia - significant cognitive and functional deficits. Research has identified multiple 

neurochemical perturbations in AD, including amyloid precursor protein metabolism, 

phosphorylation of tau protein, and a wide range of metabolic failures including cholesterol 

metabolism219,220. 

It remains unclear how peripheral metabolic changes can influence central changes 

and cognitive functions in AD. Bidirectional communication between the brain and gut seem 

to contribute to a variety of neurodegenerative and psychiatric diseases221-224. Gut microbes 

not only affect local gut processes, such as hepatic bile acid (BA) metabolism and cholesterol 

clearance, but can impact hippocampal neurogenesis, microglial development, immune 

functions, neurotransmission in the brain, and the behavioral expression of neuropsychiatric 
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disorders.  In the mouse model of Parkinson’s disease, gut microbiome has been shown to 

regulate motor deficits and neuroinflammation225. Aberrant protein accumulation may start in 

the gut and propagate to the brain via the vagus nerve in a prion-like fashion. 

Recent studies in AD animal models suggest a role for the gut microbiome in cortical 

beta-amyloid plaque and AD pathogenesis226. Cholesterol and hepatic metabolism may have 

a key role in AD227. Cholesterol disposal is accomplished through hepatic secretion of 

BAs228. Primary BAs, chenodeoxycholic acid, (CDCA) and cholic acid (CA), are synthesized 

from cholesterol, conjugated with glycine or taurine in the liver, secreted into the gallbladder 

via a bile salt export pump (BSEP), and transported to the intestine to be metabolized by gut 

bacteria (Figure 3.1). Intestinal anaerobic bacteria deconjugate the liver-derived BAs 

through the action of bile salt hydrolases (BSH) to their respective free BAs. Subsequently, 

anaerobe bacteria convert primary BAs into secondary BAs such as lithocholic acid (LCA) 

and deoxycholic acid (DCA), through 7α-dehydroxylation229,230. In the terminal ileum and 

colon, BAs are reabsorbed by the enterocytes and released into the portal vein for return to 

the liver. 
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Figure 3.1: Cholesterol Pathway and Synthesis of Bile Acids and Transporters. 
Regulation of bile acid synthesis by feedback mechanism and bile acid transport through 
enterohepatic circulation. In the liver the bile acids, CDCA, DCA, LCA, CA activate FXR 
that inhibits (via a repressor SHP, not shown here) the rate-limiting enzyme CYP7A1. The 
bile acids via FXR/SHP also inhibit the influx transporter NTCP; induce BSEP and 
canalicular bile acid secretion. In intestine, bile acids, via FXR, inhibit the uptake transporter 
ASBT, decreasing absorption and increase basolateral secretion into portal circulation by 
inducing OSTα & β. bile acid activated FXR in the intestine also exerts inhibition on 
CYP7A1 in the liver via FGF19 pathway. At the basolateral membrane of hepatocytes, 
transporters OSTα & β, and also MRP3 and MRP4, secrete bile acids into the systemic 
circulation. Abbreviations: ASBT: apical sodium-dependent bile acid transporters; BSEP: 
Bile salt export pump. 

Bile acids are signaling molecules and metabolic regulators that activate nuclear 

receptors and G protein-coupled receptor (GPCR) signaling to regulate hepatic lipid, glucose, 

and energy homeostasis and maintain metabolic homeostasis231. Conversion of cholesterol to 

bile acids is critical for maintaining cholesterol homeostasis and preventing accumulation of 

cholesterol, triglycerides, and toxic metabolites, and injury in the liver and other organs. BAs 

also appear to have physiological roles in the central nervous system232. Neurotoxic and 
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neuroprotective/modulatory functions of BAs have been identified232. For example, specific 

BAs—such as DCA, glycochenodeoxycholic acid (GCDCA), glycodeoxycholic acid 

(GDCA) and taurodeoxycholic acid (TDCA)—have been linked to cytotoxic effects233,234; 

others—including ursodeoxycholic acid (UDCA), Glycoursodeoxycholic acid (GUDCA), 

and CDCA—to neuroprotective roles235,236. Thus, circulating BAs seem an important 

mechanism for communication between the gut and brain and their dysregulation reflects gut 

dysbiosis. Initial reports suggest that levels of certain BAs are affected in AD181,237-239, 

raising the possibility that they might contribute to AD pathogenesis. 

In this report, we use a targeted metabolomic approach to evaluate bile acid profiles 

in 1,562 individuals enrolled in the Alzheimer’s Disease Neuroimaging Initiative (ADNI). 

We investigate if bile acid profiles in blood are altered in different stages of AD and we 

examined cross-sectional and longitudinal associations of BA profile with AD-related 

clinical and neuroimaging biomarkers as steps to evaluate a possible role for liver and gut 

microbiome in AD pathogenesis. 

3.2 Methods 

Data used in the preparation of this article were downloaded from the Alzheimer’s 

Disease Neuroimaging Initiative (ADNI) database (http://adni.loni.usc.edu/). The initial 

phase of ADNI recruited 800 subjects but ADNI has been followed by ADNI-GO and ADNI-

2. To date these three protocols have recruited over 1,500 adults, ages 55 to 90, to participate 

in the research, consisting of cognitively normal older individuals (CN), people with 

significant memory concern (SMC), people with early (EMCI) or late mild cognitive 

impairment (LMCI), and people with early AD. The follow-up duration of each group is 

specified in the protocols for ADNI-1, ADNI-GO, and ADNI-2. Individuals originally 
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recruited for ADNI-1 and ADNI-GO had the option to be followed in ADNI-2. The ADNI 

battery includes serial evaluations through neuroimaging, CSF, and other biomarkers, and 

through clinical and neuropsychological assessments. Participants had follow-up visits for 

assessment at 6 months, 1 year, and every year thereafter (mean 3.6 years; range 0-11 years). 

Data were collected at more than 50 ADNI sites in the United States and Canada. For key 

ADNI clinical and demographic variables in this study, see Table 3.1. 

Table 3.1: Participant Characteristics Stratified by Baseline Diagnosis. 

 
aData are reported as mean(SD) unless otherwise indicated. Bolded values indicate statistical 
significance. SD: Standard deviation; bBased on 2-sample t tests, or Pearson !"    tests;  cScore 
explanations: ADAS-Cog13 range, 0 (best) to 85 (worst); ADNI-EF range, -3 (worst) to 3 
(best); and ADNI-MEM range, -3 (worst) to 3 (best); Abbreviations: AD: Alzheimer’s 
disease; BMI: Body mass index; CN: Cognitively normal; SMC: Significant memory 
concern; EMCI: Early mild cognitive impairment; LMCI: Late mild cognitive impairment; 
ADAS-Cog13, Alzheimer Disease Assessment Scale 13-item cognitive subscale; ADNI-EF: 
Composite score for executive functioning; ADNI-MEM: Composite score for memory. 

3.2.1 Exposure 

Targeted metabolomics profiling were performed to identify and quantify 

concentrations of 20 BA metabolites of serum samples (see Table 3.2 for list of BAs and 
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abbreviations). Morning fasting serum samples from the baseline visit were collected and 

aliquoted as described in the ADNI standard operating procedures, with only fasting samples 

included in this study. BA quantification was performed by liquid chromatography tandem 

mass spectrometry using the Biocrates® Life Sciences Bile Acids Kit (BIOCRATES Life 

Science AG, Innsbruck, Austria) according to manufacturer’s instructions, followed by 

sample analysis of BA and selective analyte detection. 

Metabolomics lab staff were blinded to diagnosis and pathological data. Unblinded 

metabolite profiles went through further quality-control (QC) checks. The preprocessed 

dataset included 15 BAs (5 BAs did not pass QC criteria), 13 ratios, two proportions that we 

called total cytotoxic (summations of DCA, GCDCA, GLCA, GDCA, TLCA, and TDCA), 

and total neuroprotective BAs (summations of UDCA, GUDCA, TUDCA, and CDCA) based 

on published literature233-236. The preprocessed BA values obtained from the quality-control 

step were adjusted to take into account the effect of medication use (at baseline) on BA 

levels. 
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Table 3.2: Measured Bile Acids Using Targeted Metabolomics Approach. 

 
aBile acids were measured using Biocrates® Bile Acids Kit; bBolded values indicate 
statistical significance of Omnibus F-test. 
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3.2.2 Outcomes 

Continuous response variables included the modified Alzheimer Disease Assessment 

Scale 13-item cognitive subscale (ADAS-Cog13; range, 0 [best] to 85 [worst] points), 

composite scores for executive functioning and memory64,65 (ADNI-EF and ADNI-MEM, 

respectively; range, -3 [worst] to 3 [best]) as indices of general cognitive performance, 

collected at participant screening and follow-up visits, and cortical thickness across the brain 

surface measured from MRI scans. Categorical response variables included clinical diagnosis 

at baseline and progression from early or late MCI to dementia. 

3.2.3 Quality Control of Bile Acid Profile 

The preprocessing included the steps briefly described herein, and graphically 

depicted as a flowchart in Supplementary Figure 3.1. In summary, two sulphates 

(Glycolithocholic acid sulfate and Taurolithocholic acid sulfate) were excluded from dataset 

as Biocrates has not analytically validated the results for these compounds. Metabolites with 

>40% of measurements below the lower limit of detection (<LOD) were excluded. To assess 

the precision of the measured analytes, a set of blinded analytical replicates (93 samples for 

24 individuals) were supplied by the Alzheimer’s Disease Neuroimaging Initiative (ADNI); 

keeping the Metabolomics Consortium blinded of the matching pairs. Following unblinding 

the bile acid (BA) profiles, the accuracy was measured using the intra-class correlation 

coefficient (ICC) and coefficient of variation (CV) using the blinded replicates. Using 

blinded replicated samples, metabolites with CV>25% across plates, and ICC <0.65 were 

excluded from subsequent analyses. These three steps, reduced the total number of 

metabolites to 15 (Supplementary Table 3.1). <LOD values were imputed using LOD 

values divided by 2 for each specific metabolite. Non-fasting participants were flagged for 
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removal from the datasets. For the participants with replicated measurements, the average of 

the measurements was computed to give one value per biological sample in further analyses. 

The presence of multivariate outliers was examined by evaluating the first and second 

principle components. The datasets were extended by 13 ratios of BAs, the proportion of 

cytotoxic BAs to total BA as summation of Deoxycholic acid, Glycochenodeoxycholic acid, 

Glycolithocholic acid, Glycodeoxycholic acid, Taurolithocholic acid, and Taurodeoxycholic 

acid, and the proportion of neuroprotective BAs to total as summation of Ursodeoxycholic 

acid, Glycoursodeoxycholic acid, Tauroursodeoxycholic acid, and Chenodeoxycholic acid240-

244. Each metabolite was divided by total BA to obtain proportion values. Log2 

transformation was performed for all metabolites/ratios/composite scores followed by mean 

centering and scaling to variance 1.  

After performing the quality control steps outlined above, the final ADNI dataset 

comprised 1564 individuals (average age (SD). = 73.62 (7.21); 850 men/712 women) 

including 305 Alzheimer’s disease (AD), 505 Late mild cognitive impairment (LMCI), 284 

Early mild cognitive impairment (EMCI), 98 Significant memory concern, and 370 healthy 

participants. All samples retained were taken with the participant in a fasting state. 

3.2.4 Medication Adjustment 

The normalized preprocessed BA values obtained from the quality control step was 

used for subsequent association analyses was adjusted to take into account the effect of 

medications on the levels of the BAs. In ADNI, 42 major medication classes used to treat 

psychiatric (including different categories of benzodiazepines, antipsychotics, and 

antidepressants) and cardiovascular conditions (including different categories of anti-

hypertensives, cholesterol treatment, and anti-diabetics), as well as dietary supplements (Co-
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Q10, fish oil, nicotinic acid, and acetyl L-carnitine) were systematically coded and available 

for model-based evaluations of the influence of each drug type on metabolite levels. Intake of 

any medication within a category was coded as present or absent. Two 

AD medication classes, i.e. cholinesterase inhibitors and memantine, were excluded from this 

process due to high collinearity (Cramer’s V = 0.65 and 0.52, respectively) of 

these medications with AD diagnosis. 

Medication information, including dosage and reason for taking, was collected from 

research participants in the form of free text. In order to account for exposure to specific 

drugs and drug classes in our analysis, it was necessary to convert that unstructured data into 

structured terms representing both the specific drug and the drug class[es] to which it 

belonged. We used the RxNorm API (application programming interface) to convert drug 

names, including synonyms and misspellings, into coded drug terms from RxNorm, a 

standardized drug terminology developed and maintained by the National Library of 

Medicine (NLM). Inexact matches were manually reviewed and corrected where necessary. 

The RxNorm API was then used to identify corresponding drug classes for the respective 

coded medications. For example, citalopram, citalopran, citalporam, and Celexa all mapped 

to the concept “citalopram” with RxNorm Concept Unique Identifier “2556”. Along with 

drugs like Zoloft, Lexapro, and Prozac, they were mapped to the classes “Antidepressive 

Agents, Second-Generation” and “Serotonin Reuptake Inhibitor.” An iterative approach was 

used to identify drug classes of interest from hundreds of partially overlapping possible 

classifications. Drug classes were identified for a core set of medications.  The other 

medications sharing these classes were determined and all of their respective drug classes 

were identified, further generating new medications and classes. Through iteration and 
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pruning based on review with clinical experts, the final set of ontology classes of interest was 

created. 

AD medications (anti-cholinesterases and N-methyl-D-aspartate receptor antagonist) 

are a special issue in this context. Because these medications are taken only by AD cases 

(about 90%) and advanced LMCI participants (about 40%) but not by controls, this 

medication class largely coincides with diagnosis, leading to a highly significant correlation 

between medication status and diagnosis. As mentioned, we intentionally excluded diagnosis 

as covariate in regression analyses because the investigated clinical variables naturally also 

show high levels of correlation with diagnosis (and, thus, also with these medications). 

For each metabolite, using a linear regression, we regressed metabolite level on 

medications. Medications were backward-selected via Bayesian information criteria to select 

an optimal combination of medications for preventing confounding while limiting model 

complexity (see Supplementary Figure 3.2 and Supplementary Figure 3.3 for list of 

medications and significant effects of them on BAs). We refer to the residuals of each 

metabolite as the medication-adjusted metabolites. The residuals then carried forward to test 

associations with clinical and imaging outcomes. 

3.2.5 MRI Measures 

T1-weighted brain MRI scans at baseline were acquired using a sagittal 3D MP-

RAGE sequence following the ADNI MRI protocol (1.5T for ADNI-1 and 3T for ADNI-

GO/2). As detailed in previous studies245,246, two widely employed automated MRI analysis 

techniques were independently used to process MRI scans and extract whole brain-wide and 

region of interest (ROI)-based neuroimaging endophenotypes (grey matter [GM] density, 

volume, and cortical thickness): whole-brain voxel-based morphometry using statistical 
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parametric mapping 8 (SPM8) and FreeSurfer V5.1247-249. In particular, FreeSurfer was used 

to extract brain-wide cortical thickness by automated segmentation and parcellation. The 

cortical surface was reconstructed to measure thickness at each vertex on surface. The 

cortical thickness was calculated by taking the Euclidean distance between the grey/white 

boundary and the grey/cerebrospinal fluid (CSF) boundary at each vertex on the surface250-

252. Additional details of MRI standardization across sites, scanners and protocol are 

available at http://www.adni-info.org. 

3.2.6 Regional-based Analysis of Structural MRI 

We used mean values (volume, cortical thickness, GM density) of 11 AD-related 

brain region of interests (ROI) as phenotypes (hippocampus volume, middle temporal 

cortical thickness, inferior temporal cortical thickness, amygdala volume, superior temporal 

cortical thickness, inferior parietal cortical thickness, precunneus cortical thickness, 

hippocampus GM density, mean temporal pole cortical thickness, and cerebral cortex GM 

volume). We performed a linear regression approach using age at baseline, sex, years of 

education, APOE ε4 allele status, and intracranial volume (ICV) as covariates. False 

discovery rate (FDR)-based multiple comparison adjustment with the Benjamini-Hochberg 

procedure was used for multiplicity correction. 

3.2.7 Unbiased Whole Brain Imaging Analysis 

SurfStat (www.math.mcgill.ca/keith/surfstat/) uses a general linear model (GLM) 

approach for a multivariate analysis of cortical thickness in order to examine the effect of BA 

profiles on brain structural changes on a vertex-by-vertex basis. In a cross-sectional GLM 

analysis, age at baseline, sex, years of education, number of APOE ε4 alleles, and ICV were 

used as covariates. For a longitudinal GLM analysis, change rate estimates ([24 month 
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cortical thickness –baseline cortical thickness]/baseline cortical thickness) were calculated 

using cortical thickness for each vertex from baseline and 24-month scans for each 

participant, and were assessed for correlations with BA profiles249. Age at baseline, sex, 

education, the number of APOE ε4 alleles, and baseline total cerebral cortex GM volume 

were included as covariates. The adjustment for multiple comparisons was performed using 

the random field theory correction method253,254. 

3.2.8 [18F] FDG-PET Analysis 

Pre-processed [18F] FDG PET scans (Co-registered, Averaged, Standardized Image 

and Voxel Size, Uniform Resolution) were downloaded from the ADNI. Before download, 

FDG images were averaged, aligned to a standard space, re-sampled to a standard image and 

voxel size, smoothed to a uniform resolution, and intensity normalized as previously 

described255. Using SPM8, the downloaded images were aligned to each participant’s same 

visit MRI scan and normalized to MNI space as 2x2x2mm voxels. Scans were then 

renormalized for intensity using a pons reference region to create the final [18F] FDG 

standardized uptake value ratio (SUVR) images. The effect of BAs on FDG PET SUVR was 

assessed on ROI-based and voxel-wise bases using age at baseline, sex, and APOE ε4 status.  

SPM8 was used for voxel-wise analysis. 

3.2.9 Statistical Method 

All statistical analyses were performed in R (version 3.3.2), using packages ggplot2, 

nnet, nlme and MASS. Differences of demographic, clinical, and cognitive measurements 

among the clinical diagnostic groups were evaluated using 2-sample t-test (for continuous 

variables) and Pearson Chi-squared test (for categorical variables). The cross-sectional 

association of metabolites with clinical diagnosis was assessed using a multinomial logistic 
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regression with baseline diagnosis as a dependent variable and each metabolite as an 

independent variable (one regression model per metabolite). In addition, models included age 

at baseline, sex, protocol under which individuals were recruited (ADNI-1 or ADNI-GO/2), 

years of education, APOE ε4 carrier status and log10-transformed body mass index were 

added to the models if supported by the Bayesian Information Criterion, an objective model 

selection tool. P-values were obtained using Wald test. The cross-sectional association of 

cognitive measurements (ADAS-Cog13, ADNI-MEM, and ADNI-EF) with BAs was 

assessed using a linear regression model with the aforementioned sets of forced-in and 

selectable covariates. A Cox hazard model including age at baseline, sex, APOE ε4 carrier 

status, years of education and baseline diagnosis as covariates was used to evaluate the 

association of metabolite levels with progression from MCI (EMCI and LMCI) to AD. Mean 

(SD) follow-up of individuals was 3.2 (2.06) years. A mixed-effects model including age at 

baseline, sex, APOE ε4 carrier status, years of education, time, baseline cognitive score, and 

a metabolite as independent variables was used to study longitudinal associations between 

the metabolites and cognitive changes (ADAS-Cog13, ADNI-MEM and ADNI-EF) during 

follow-up. Each set of p-values for each outcome (30 p-values per outcome) was adjusted to 

account for multiple testing using the Benjamini and Hochberg procedure. The adjusted p-

values were considered significant at the 5% level. 

For image processing and analysis, all available baseline and 24 month follow-up 

structural MRI scans of individuals were downloaded from the ADNI database. Standard 

automated analysis techniques were used to process MRI scans248,256. We performed spatially 

unbiased whole-brain-based imaging association analyses cross-sectionally at baseline and 

longitudinally. We used age at baseline, sex, years of education, APOE ε4 carrier status, 
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intracranial volume, protocol under which individuals were recruited (ADNI-1 or ADNI-

GO/2), and baseline total cerebral cortex gray matter volume as covariates, if appropriate. 

Adjustment for multiple comparisons was performed using the random field theory 

correction method253,254. 

3.3 Results 

Characteristics of ADNI participants are depicted in Table 3.1. Baseline demographic 

and cognitive measurements were significantly different among diagnostic groups, as 

expected. Descriptions of sample sizes and statistical models for each analysis are shown in 

Supplementary Table 3.2. 

3.3.1 Cross-Sectional Analysis at Baseline 

3.3.1.1 Differences in BA profiles across diagnostic groups 

The omnibus F-test results indicated that from a total of 30 metabolic variables (15 

BAs that passed QC checks, 13 BA ratios and 2 summations), 7 variables differed across 

diagnosis groups (Table 3.2). P-values obtained from multinomial logistic regression models 

were adjusted for multiple comparison using Benjamini-Hochberg procedure. Comparing AD 

to the CN group revealed: (1) a decrease in levels of primary BAs, CA (odds ratio, 0.667 

[95% CI, 0.562-0.792]; q=5.60E-05) and CDCA (odds ratio, 0.751 [95% CI, 0.638-0.884]; 

q=1.95E-03) (Figure 3.2A); (2) an increase in levels of secondary bacterially produced BAs: 

GDCA (odds ratio, 1.477 [95% CI, 1.222-1.784]; q=2.65E-04), and GLCA (odds ratio, 1.368 

[95% CI, 1.159-1.615]; q=8.89E-04) (Figure 3.2A); (3) an increase in ratio of bacterially 

produced secondary BAs to primary BAs, DCA:CA (odds ratio, 1.432 [95% CI, 1.206-

1.701]; q=2.56E-04) and GDCA:CA (odds ratio, 1.570 [95% CI, 1.320-1.869]; q=1.11E-05)  

(Figure 3.2B); and (4) an increase in several ratios of conjugated BAs to unconjugated BAs 
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(such as GDCA:DCA (odds ratio, 1.308 [95% CI, 1.107-1.546]; q=3.81E-03), 

GCDCA:CDCA (odds ratio, 1.315 [95% CI, 1.115-1.551]; q=2.88E-03)) (Figure 3.2B). In 

addition, we note an increase in level of total cytotoxic BAs and a decrease in levels of total 

neuroprotective BAs (Supplementary Table 3.3). 

 

Figure 3.2: Cross-sectional Association of Bile Acids with Baseline Diagnosis and 
Cognitive Performance. A. Levels of bile acids in different diagnostic groups B. Ratios of 
bile acids in different diagnostic groups. P-values estimated from multinomial logistic 
regression, adjusted and corrected for multiple testing using Benjamini-Hochberge 
procedure. Error bars indicate standard error of the means. Asterisks indicate statistical 
significance (* BH adjusted p<.05, ** BH adjusted p<.01, and *** BH adjusted p<0.001). C. 
and D. Heatmap of BH adjusted p-values of association between cognitive markers and 
exposure metabolic variables. BH adjusted p-values were estimated from linear regression 
adjusted for multiple testing using Benjamini-Hochberge procedure. Color code: white 
indicates BH adjusted p-value>0.05, reds indicate a significant positive association, and 
greens indicate a significant negative association. 
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Similar differences were also noted between EMCI and AD and between LMCI and 

AD: a decrease in levels of primary BAs and an increase in the levels of total cytotoxic, 

bacterially produced BAs, GDCA and GLCA in the AD group. Comparison of BA levels 

between the CN and SMC, CN and EMCI, CN and LMCI, and EMCI and LMCI groups did 

not show statistically significant difference between the groups. 

3.3.1.2 Relationship between BA profiles and cognition 

We evaluated the cross-sectional association of BA profiles with the measures of 

cognitive performance. Higher values of ADAS-Cog13 indicate poor cognition, whereas high 

levels of ADNI-EF and ADNI-MEM indicate better cognition. We identified 16, 20, and 6 

BAs/ratios as significantly associated with ADAS-Cog13, ADNI-EF, and ADNI-MEM, 

respectively (Figure 3.2C-D, and Supplementary Table 3.4). P-values were obtained from 

linear regression models and were adjusted for multiple testing using Benjamini-Hochberg 

method. Higher levels of CA, CDCA and total neuroprotective BAs were associated with 

better cognitive function. Higher levels of bacterially produced secondary conjugated GDCA 

and total cytotoxic BAs were associated with worse cognitive outcome. Higher values of 

ratios of bacterially produced secondary BAs to primary BAs such as (GDCA:CA, 

GDCA:CDCA, GCDCA:CDCA, and GLCA:CDCA) were associated with worse cognitive 

outcome (BH adjusted p-value < 0.05; estimated slopes and their 95% confidence intervals 

are listed  Supplementary Table 3.4). 

3.3.1.3 Relationship between baseline BA profiles and brain structure 

We investigated the association of BA profiles with AD-related structural MRI-based 

ROI mean values of volumes, cortical thicknesses, and grey matter densities. We identified 

22 BAs/ratios as significantly associated with at least one imaging phenotype (Figure 3.3). 
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For two primary BAs (CA and CDCA), higher BA proportions were associated with less 

structural atrophy. For one secondary conjugated bacterially produced BA (GDCA), higher 

proportions were associated with more structural atrophy. For total cytotoxic BAs and three 

ratios involving increased glycine conjugation (GDCA:CA, GDCA:CDCA, and 

GCDCA:CDCA), higher levels were associated with more structural atrophy. 

 

Figure 3.3: Imaging ROI-based association analysis. Association analysis using 
mean values of 11 AD-related brain regions of interest identified 22 bile acids significantly 
associated with one or more imaging markers in the ADNI (FDR-corrected p<0.05). Color 
code: white indicates FDR-corrected p >0.05, reds indicates a significant positive association, 
and greens indicate a significant negative association. 
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We then performed a detailed whole-brain surface-based analysis using multivariate 

regression models to assess the effect of BAs on whole-brain cortical thickness. Increased 

primary BA (CA) levels were significantly associated with less brain atrophy. Higher levels 

of secondary bacterially produced BA (GDCA) and ratio of bacterially produced secondary 

BAs to primary BAs (GDCA:CA) were significantly associated with more brain atrophy. In 

particular, decreased primary BA levels (CA) and increased levels of GDCA:CA were 

associated with cortical thinning in the bilateral frontal and parietal lobes as well as in the 

bilateral temporal lobes including the entorhinal cortex (corrected p-value < 0.05) (Figure 

3.4). 
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Figure 3.4: Unbiased whole-brain imaging association analysis of bile acids with 
cortical thickness. A whole-brain multivariate analysis of cortical thickness across the brain 
surface was performed to visualize the topography of the association of bile acid profiles 
with brain structure in an unbiased manner. For a surface-based analysis of levels of A. CA, 
B. GDCA and C. GDCA:CA ratio, statistical maps were thresholded using a random field 
theory for a multiple testing adjustment to a corrected significance level of 5%. The p-value 
for clusters indicates significant corrected p-values with the lightest blue color. Increased CA 
levels and decreased GDCA:CA levels were significantly associated with larger cortical 
thickness in the bilateral frontal and parietal lobes as well as in the bilateral temporal lobes 
including the entorhinal cortex. 
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3.3.1.4 Relationship between baseline BA profiles and brain glucose metabolism ([18F] 

FDG-PET) 

For further analysis, we investigated the association of BAs with a global cortical 

glucose metabolism from [18F] FDG-PET scans. Five BAs/ratios (CA, GDCA, total cytotoxic 

BAs, GDCA:CA, and GDCA/CDCA) were significantly associated with brain glucose 

metabolism after multiple comparison adjustment. For CA, as an example, an unbiased 

whole-brain analysis to determine the effect of BAs on voxel- and cluster-wise glucose 

metabolism identified lower CA levels is associated with reduced glucose metabolism in a 

widespread pattern, especially in the bilateral frontal, parietal, and temporal lobes including 

the bilateral hippocampal areas (p<0.001, uncorrected; minimum cluster size=25 voxels) 

(Figure 3.5). 

 

Figure 3.5: Unbiased whole-brain imaging association analysis of cholic acid (CA) 
with glucose metabolism. Lower CA levels with reduced glucose metabolism were found in 
a widespread pattern, especially in the bilateral temporal, parietal, and frontal lobes including 
the hippocampus (p<0.001, uncorrected; minimum voxel size=25 voxels) 
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3.3.2 Longitudinal Analysis of Cognitive Decline and Brain Atrophy 

3.3.2.1 Association of BA Profiles with Longitudinal Cognitive and Clinical Change 

We evaluated whether baseline levels of BAs were associated with longitudinal 

changes in (1) cognitive function (ADAS-Cog13, ADNI-MEM, and ADNI-EF) and (2) 

progression from MCI to AD. For longitudinal analysis of cognitive decline, we included all 

individuals with available clinical measurement (N=1,562) and mean (SD) follow-up was 3.6 

(2.5) years. After FDR correction, 14, 14 and 7 metabolic variables were significantly 

associated with longitudinal changes of ADAS-Cog13, ADNI-MEM, and ADNI-EF, 

respectively. CA (ADAS-Cog 13 model β: -0.036, [95% CI, -0.053 to -0.020]; q=3.49E-04), 

CDCA (ADAS-Cog 13 model β -0.031, [95% CI, -0.047 to -0.014]; q=1.42E-03) and total 

neuroprotective BAs (ADAS-Cog 13 model β -0.023, [95% CI, -0.040 to -0.007]; q=1.01E-

02) were negatively associated with cognitive decline over time. GDCA (ADAS-Cog 13 

model β 0.026, [95% CI, 0.009 to 0.043]; q=9.19E-03), total cytotoxic BAs (ADAS-Cog 13 

model β 0.024, [95% CI, 0.008 to 0.041]; q=9.4E-03), and ratio of secondary to primary BAs 

such as DCA:CA (ADAS-Cog 13 model β -0.025, [95% CI, 0.009 to 0.042]; q=8.91E-03) 

and GCDCA:CDCA (ADAS-Cog 13 model β 0.031, [95% CI, 0.015 to 0.047]; q=1.41E-03) 

were positively associated with cognitive decline. Figure 3.6A and B depict the associations 

of CA and GDCA (presented as tertiles) with longitudinal cognitive score changes. 

Out of 785 MCI (EMCI and LMCI) participants with mean (SD) follow-up 3.2 (2.06), 

34.3%  progressed to dementia. CA (hazard ratio, 0.82 points [95% CI, 0.72-0.92]; q =.036), 

GDCA:CA (hazard ratio, 1.2 points [95% CI, 1.05-1.37]; q =.044), GDCA:DCA (hazard 

ratio, 1.20 points [95% CI, 1.05-1.36]; q =.043), and GCDCA:CDCA (hazard ratio, 1.21 

points [95% CI, 1.06-1.37]; q =.043) levels were significantly associated with conversion 
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from MCI to AD. Figure 3.6C depicts the Cox hazards model of the association of CA with 

conversion from MCI to AD. A detailed list of association of BAs with longitudinal 

outcomes can be found in Supplementary Table 3.5. 

3.3.2.2 Association of BA Profiles with Longitudinal Brain Atrophy 

A spatially unbiased whole-brain surface-based analysis using longitudinal change 

rates of cortical thickness over two years’ post-baseline identified a significant association of 

CA with longitudinal brain atrophy rates in the right temporal lobe (corrected p-value <0.05) 

(Figure 3.6D). High CA levels were associated with slower atrophy rates of cortical 

thickness.  
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Figure 3.6: Longitudinal association of selected BAs with cognition, conversion 
from MCI to AD and brain structure. A. and B. Longitudinal cognitive changes (ADAS-
Cog13, ADNI-EF and ADNI-MEM) during follow-up. Lines represent trajectories of 
participants on the 25th percentile (black line), 50th percentile (red line), 75th percentile 
(green line) of baseline CA and GDCA, respectively. Y-axes are ADAS-Cog13 score (left), 
ADNI-EF score (middle) and ADNI-MEM (right) measured at different visits. Trajectories 
for these values are calculated based on the studied mixed-effect models. C. Cox hazards 
model of the association of conversion from MCI to AD. Black line: 1st tertile, Red line: 2nd 
tertile, Green line: 3rd tertile. Analysis was conducted using quantitative values and 
stratification by tertiles was used only for graphical representation. D.  Longitudinal whole 
brain surface-based association analysis of baseline CA with an atrophy rate of cortical 
thickness over two years’ post-baseline. The analysis identified significant associations in the 
right temporal lobe. High CA levels were associated with slower atrophy rates of cortical 
thickness. Statistical maps were thresholded using a random field theory for a multiple 
testing adjustment to a corrected significance level of 0.05. 

3.4 Discussion 

There is growing support for strong connections between the intestinal environment, 

with its diverse microbial composition and activity, and the functions of the central nervous 

system. The “gut-brain metabolic axis” facilitates bidirectional chemical communication 

between the central and enteric nervous systems through mechanisms that have just started to 

be defined221-223. Such a metabolic axis is involved in the regulation of multiple host 

metabolic pathways in which levels of hormones, neurotransmitters, amines, GABA, short-
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chain fatty acids, lipid metabolites and others are regulated by gut microbiome activity257. 

Changes in the composition of intestinal bacterial populations have been associated with a 

wide array of conditions, including neurological and neurodevelopmental disorders such as 

multiple sclerosis, autism, depression, schizophrenia and Parkinson’s disease258-260. In 

addition, increasing evidence suggest that liver disease may impact cognitive functions and 

contribute to AD261. 

To our knowledge, this is the first study that implicates BA metabolism and gut 

microbiome activity in cognitive decline and brain atrophy in AD patients, suggesting 

peripheral central connections contributing to AD pathogenesis. Earlier pilot studies had 

suggested changes in BA levels in AD181,237-239 . We selected the landmark ADNI study with 

substantial clinical and imaging phenotypic data for over 1500 participants with follow-up 

data for up to ten years (mean (SD) follow-up of 3.6 (2.5) years) to make connections 

between metabolic changes and aspects of disease. The decrease in primary bile acids and 

increase in secondary bacterially produced bile acids suggest gut liver dysbiosis. Lower 

levels of primary BA CA were associated with higher brain structural atrophy. The 

significant regional effect on brain structure was observed particularly in the bilateral frontal, 

parietal, and temporal lobes including the entorhinal cortex. The hippocampus and entorhinal 

cortex are affected early in AD, and the decrease in hippocampal volume increases as AD 

progresses. A significantly thinned focal cortical atrophy in the temporal, parietal, and frontal 

lobes has been noted in MCI and AD. Longitudinal analysis showed that higher CA levels 

were associated with slower atrophy rates of cortical thickness in the temporal lobes; hence, 

the depletion of CA noted in AD patients seems related to disease pathology (Figure 3.6D). 
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The branch of metabolism of CA and secondary BAs, DCA and GDCA (Figure 3.3 

A-D), seems to play an important role in AD pathogenesis since these metabolites and their 

ratios correlated with conversion from MCI to AD and with longitudinal brain atrophy. 

Ratios of metabolites can be highly informative and reflective of changes in enzymatic 

reactions. The increased ratios of DCA:CA as well as GDCA:CA (Figure 3.2B) suggest 

changes in intestinal bacterial dehydroxylation enzymatic activities and an increased bacterial 

population rich in BSH such as the genus Clostridium in AD patients is one possible 

explanation for noted metabolic changes. 

BA and gut microbiota profiles influence each other, where BSH-rich bacteria readily 

modify BA profile while intestinal BAs control the growth and maintenance of commensal 

bacteria, maintain barrier integrity, and modulate the immune system262,263. For example, 

perturbation of the amounts and types of BAs in the intestine due to a liver condition may 

lead to alterations of commensal bacteria and chronic high-grade inflammation, which can 

progress to the chronic low-grade inflammation characteristic of gastrointestinal disorders264 

and perhaps a brain condition through the gut-liver axis. Bile acids seem to be major 

regulators of gut  microbiome composition and activity and rate of infection by Clostridium 

difficile265 all pointing to important interconnected functions they play in gut and liver. The 

brain does not seem immune to what is occurring in the liver and intestine, and disruption of 

the gut microbiome has a negative impact that may lead to altered BA profiles in the brain 

and impairment of the molecular machinery needed for gut-brain signaling. We cannot 

exclude the possibility that changes in the brain during disease can also impact the gut and 

liver, and hence some of our findings might be a consequence of central changes. 
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The brain BAs are presumably transported from the blood across the blood–brain 

barrier266,267. Additionally, the BA nuclear receptor FXR, TGR5, and transporters Ostα/Ostβ 

are also expressed in the brain268. Several studies in human brains also revealed that the full 

panel of BAs are expressed in the brain, but it is unclear whether this is due to transport from 

the periphery, from local synthesis, or both. The function of these BAs in the brain remains 

poorly defined. 

Our findings suggest novel metabolic links in AD pathogenesis and disease 

progression. The primary bile acids that are low in disease (CA and CDCA) and that 

correlate with cognitive decline and conversion from MCI to AD  serve as the ligands for the 

nuclear transcription factor Farnesoid X receptor (FXR), which along with other nuclear 

receptors act synergistically as metabolic sensors to regulate energy homeostasis 

pathways269,270. The primary BAs also regulate their own synthesis in a feedback mechanism 

via FXR271. Additionally, BAs are agonists for a cellular-membrane-bound G protein-

coupled BA receptor 1 (GPBAR1 or TGR5) to mediate signaling via the generation of cyclic 

adenosine monophosphate (cAMP) by adenylate cyclase, which stimulates cAMP-dependent 

protein kinase A and phosphorylation of the cAMP response element binding protein 

transcription factor272. 

Interestingly, the summation of 6 BAs reported in the literature as being hydrophobic 

and cytotoxic (DCA, GLCA, GDCA, TLCA, TDCA, and GCDCA) were significantly 

associated with the AD diagnosis group and cognitive measures (Supplementary Table 3.3 

and 3.4). BA-induced membrane damage has been positively correlated with the degree of 

hydrophobicity and detergent effect of each particular BA273. The significantly increased 

taurine- or glycine-conjugated secondary BAs were associated with and resulted from the 
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significantly increased levels of most hydrophobic and cytotoxic DCA and LCA produced 

through intestinal microbial conversion. Increased amounts of conjugated BAs in blood may 

enter the brain through induced permeability of the blood-brain barrier, affecting brain 

physiology and metabolism267. Recent studies have revealed that elevated serum BAs could 

act as toxic compounds to the blood-brain barrier and brain, and may play a pathological role 

in azoxymethane-induced neurological decline in mice274. The observed association of 

specific BA profiles with changes in brain structure may suggest a connection of peripheral 

and central biochemical changes. Our results support a role for the gut-liver-brain axis in 

neurodegeneration and brain dysfunctions. 

3.5 Limitations 

The majority of BA changes seen in this study were between CN and AD, suggesting 

that they happen during progression from MCI to AD, and hence are not among the earliest 

changes in disease. Earlier changes need to be defined and linked to gut liver and BA 

changes. This is an observational study, the results of which may contain confounding biases. 

For example, diet, lifestyle, and other factors may contribute to changes in the gut, but it 

remains unclear how these important factors are related to AD pathogenesis and whether the 

observed changes are causes or consequences. Yet these changes are clearly linked to aspects 

of disease and its progression as well as brain atrophy. Further studies of metabolic changes 

in normal aging are required to help define which aspects of bile acid metabolism are related 

to disease pathogenesis. Use of medications was extensively evaluated as possible confound 

and our key findings were shown to hold up after corrections for use of these medications but 

future studies need to further evaluate their effects. Additional experimental studies are 

needed to more fully define the expression of BA receptors in the brain and mechanistic roles 



 

76 

of BAs in the development of AD. The impact of BAs on FXR and TGR5 in the brain and 

the signaling pathways impacted are yet to be elucidated. It is important to evaluate in other 

large international studies the generalizability of our findings. 

3.6 Conclusion 

In summary, there is a bidirectional relationship between the intestinal BAs gut 

microbial compositions, liver and brain functions. When disrupted, BAs may contribute to 

disease pathology highlighting the importance of cholesterol clearance regulation. Disorders 

in bile acid metabolism cause cholestatic liver diseases, dyslipidemia, fatty liver diseases, 

cardiovascular diseases, and diabetes. Our study points to added important functions in the 

brain. Our evolving understanding of the gut microbiome’s role in aging and in central 

nervous system diseases and their progression opens new possible avenues for treatments and 

prevention. Targeting brain FXR and TGR5 receptors may offer an exciting new perspective 

for the treatment of AD and possibly other neurodegenerative diseases. Drugs are already 

being developed that target these receptors for liver and metabolic diseases. 

The Alzheimer’s Disease Metabolomics Consortium (ADMC): Harmonization of 

methods, including quality control procedures for sample collection, sample preparation, 

metabolomic platform analyses, cleaning and vetting of the metabolomic data, and the 

fundamental strategies for statistical analyses that were used in the preparation of this article 

are often discussed regularly with other members of the ADMC.  As such, these other 

investigators within the ADMC contributed to the design and implementation of ADMC 

processes used in this paper and/or provided insights, but did not participate in analysis or 

writing of this report. A complete listing of ADMC investigators can be found at: 

https://sites.duke.edu/adnimetab/admc-team-directory/ 
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this article were obtained from the ADNI database (http://adni.loni.usc.edu). As such, the 

investigators within the ADNI contributed to the design and implementation of ADNI and/or 

provided data but did not participate in analysis or writing of this report. A complete listing 

of ADNI investigators can be found at: http://adni.loni.usc .edu/wp-

content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf. 
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Abstract 

Metabolomic data are high-dimensional as the concentrations of several hundred 

metabolites may be measured by means of nuclear magnetic resonance spectroscopy (NMR) 

or mass spectrometry (MS) platforms. Metabolic association studies test metabolites for 

association with a trait of interest. To prevent the proliferation of false positive findings when 

multiple independent associations tests are conducted, multiple testing procedures (MTPs) 

are then employed to control the family-wise error rate (FWER) or false discovery rate 

(FDR). However, metabolites are often derived from the same metabolic pathways and their 

concentrations are usually highly correlated which results in correlated association tests and 

observed test statistics. Therefore, the correlation structure of metabolomics data may violate 

the assumption of independence required by some MTPs. We conducted a semi-synthetic 

simulation study based on a real metabolomic data to test and compare the performance of 14 

commonly used MTPs under various experimental parameters. We evaluated the methods 

using four performance metrics: area under receiver operating characteristic curve, the FDR, 

the FWER, and empirical power. We demonstrate that the FDR procedures perform best in 

terms of both false positive control and statistical power. The result can be used to 
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summarize as a guidance for practitioners to properly choose a FDR controlling procedure in 

the context of metabolomics data analysis. 

4.1 Introduction 

Metabolomics is an emerging field of -omics science aiming to measure all endogenous 

and exogenous low molecular-weight metabolites (molecular weight <1,500Da) resulting 

from cellular processes within a biological sample such as cell, tissue, or body fluid under 

given conditions at a specific point in time101,102. The metabolome is often used to refer to the 

complete set of metabolites in a biological organism. 

From a systems biology perspective, metabolomics has become an important 

complement to other -omics approaches such as genomics, transcriptomics, and 

proteomics103. Metabolites are substrates and products of biochemical reactions. Hence, they 

can be regulated through metabolic pathways or can regulate transcription and translation. In 

addition, metabolite levels can be influenced by environmental factors such as diet, disease 

status and medication104. Metabolite levels can therefore represent a response to both 

environmental and genetic factors. Hence, analysis of the metabolome offers a unique 

opportunity to study the influence of genetic variation, disease, applied treatment or diet on 

the state of an organism105-107. 

Over the past decade, advancements in metabolomics technologies have enabled more 

metabolites to be measured simultaneously, faster and with a lower cost, which has led to a 

growing number of mainstream biomedical applications. In particular, metabolomics is 

increasingly being used to study various pathophysiological processes including Alzheimer’s 

disease185, type 2 diabetes171-173 and various cancer types including colorectal cancer154,155, 

prostate cancer156, bladder cancer157, pancreatic cancer158,159 and liver cancer160,161, with 
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typical goals to understand disease mechanisms, identify biomarkers predictive of disease 

onset, prognosis, and treatment efficacy monitoring. 

Since metabolomics is an emerging technology, a limited number of methods exist to 

analyze these new data and hence, methods used for more established -omics technologies, 

such as transcriptomics and proteomics, are commonly used. A typical starting point for 

analyzing metabolomic data requires performing numerous quality control measures, such as 

correction for batch effects and data normalization or transformation so that the data follows 

a normal distribution. Next, either univariate (e.g. linear regression, generalized linear 

regression, two sample t-test, ANOVA) or multivariate (e.g. multivariate ANOVA, principal 

component analysis (PCA), partial least squares-discriminant analysis) statistical methods are 

performed to assess group-wise differences or to study the association of metabolites with 

disease or other phenotypes of interests. The next step in the analysis of metabolomics data 

sometimes involves performing pathway based analysis to find biologically meaningful 

metabolite sets or pathways that are associated with certain diseases or traits. Currently, 

several publicly available metabolic databases exist that focus on global reconstructions of 

metabolic pathways, like Kyoto encyclopedia of genes and genomes (KEGG)209, genome-

scale models of human metabolism [Recon 1211 and Recon 2275], the Edinburgh human 

metabolic network (EHMN)276 and the human metabolome database (HMDB)210. The 

biological networks contained in such databases can be used to guide statistical analysis in a 

functional manner. 

In methods of univariate analysis, such as linear regression models, generalized linear 

models, or t-tests, each metabolite is examined separately. These methods are appropriate for 

identifying metabolites associated with phenotypes of interest or metabolites differentially 
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expressed among treatment groups. For these tests, the null hypothesis for each metabolite is 

that the level of the metabolite is the same across groups. 

The metabolome consists of thousands of metabolites, many of which are highly 

correlated with one another277. Hence, p-values obtained from hypothesis tests are not 

independent, which consequently violates the assumption of independence for tests in some 

commonly-used multiple testing procedures (MTPs), such as the original FDR method by 

Benjamini and Hochberg278. In addition, other MTPs have been designed to provide error 

rate control under arbitrary correlation structure among tests statistics, such as the Sidak279, 

and the Benjamini and Yekutieli280 methods. Determining the best adjustment for multiple 

testing remains a challenge to analyzing metabolomics data due to the correlation between 

many of the tests. As metabolomics platforms mature to measure hundreds (or more) 

metabolites, properly adjusting for multiple testing becomes increasingly important. MTPs 

are often applied to control either the family-wise error rate (FWER), or false discovery rate 

(FDR)278 at a predefined nominal level. While substantial research into these methods has 

been previously conducted, to our knowledge, this is the first study to directly compare the 

performance of these methods for metabolomics data. Given the expansion of metabolomics 

studies and the complex correlation structure of these data, it would be useful to know how 

various MTPs perform under different conditions relevant to this promising technology. 

Here, we aim to evaluate the performance of various multiple testing procedures using 

metabolomics data and under different correlation structures, sample and effect sizes, so that 

a methodological recommendation can be made. While these are all well established 

procedures, and comparisons have been made between these approaches for other “omics” 

data, such as gene-expression data281,282, to our knowledge this study represents the first 
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comparison in the context of metabolomics data. Additionally, we perform this comparison 

for an extensive number of MTP methods. We perform both semi-synthetic (sample sizes and 

effect sizes were given as parameters but the correlation structure were estimated from a real 

data set) and fully synthetic (sample size, effect size and correlation were synthetic) 

simulations to make the simulations specific to data structures in metabolomics, and hope 

that these results can provide practical guidance for metabolomics studies. 

4.2 Material and Methods 

4.2.1 Data 

The metabolomics dataset used in this simulation study was download from the 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). ADNI is 

a large, multicenter, longitudinal neuroimaging study, launched in 2004 by the National 

Institute on Aging, the National Institute of Biomedical Imaging and Bioengineering, the 

Food and Drug Administration, private pharmaceutical companies, and non-profit 

organizations. The ADNI study has observed elderly individuals diagnosed as cognitively 

normal or with varying degrees of cognitive impairment. The study was designed to test 

whether serial magnetic resonance imaging (MRI), positron emission tomography (PET), 

other biological markers, and clinical and neuropsychological assessment can be combined to 

understand the etiology of the disease and find new biomarkers. 

Metabolites of serum samples were measured with a targeted metabolomics approach 

using the AbsoluteIDQ-P180 kit (BIOCRATES Life Science AG, Innsbruck, Austria), with 

an ultraperformance liquid chromatography (UPLC)/MS/MS system [Acquity UPLC 

(Waters), TQ-S triple quadrupole MS/MS (Waters)] which provides measurements of up to 

186 endogenous metabolites quantitatively (amino acids and biogenic amines) and 
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semiquantitatively (acylcarnitines, sphingomyelins, PCs, and lyso-glycero-

phosphatidylcholines (a 5 acyl) [lysoPCs] across multiple classes). The AbsoluteIDQ-p180 

kit has been fully validated according to European Medicine Agency Guidelines on 

bioanalytical method validation. We chose the AbsoluteIDQ-P180 kit, because it provides 

quantitative, precise and reproducible measurement of a large and diverse set of metabolites 

and is becoming increasingly popular for metabolomic studies. In addition, the large sample 

size allows for more accurate estimation of correlation structure and ensures that the 

simulated datasets resemble the characteristics of real data. 

The dataset underwent preprocessing steps to keep only the most robust metabolites. We 

excluded metabolites for which 1) more than 40% of measurements across all samples was 

below the lower limit of detection (LOD), 2) across the quality control samples, the 

coefficient of variation was higher than 20% and 3) the intraclass correlation coefficient was 

below 65%. These steps reduced the total number of metabolites from 182 to 138 

metabolites. Measurements with values reported as ‘<LOD’ were imputed using LOD/2 for 

each specific metabolite. In addition, metabolite levels were log transformed, centered and 

scaled to have mean zero and variance one, thus the correlation structure of real data was 

preserved. We retained subjects with Alzheimer’s disease (AD) diagnosis or cognitively 

normal (CN). The QCed dataset contained 138 metabolites for 199 CN individuals and 174 

AD patients. 

4.2.2 Concepts and Notations 

Assume m null hypotheses are of interest, H0i, i = 1,...,m. Let m0 denotes the number of 

true null hypotheses, but the identity of which are unknown. The other m-m0 hypotheses are 

false. Let ai be an indicator for the alternative hypothesis, i.e., ai = 0 if H0i is true and ai = 1 if 
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H0i is false. For i=1,...,m, let Ti be the test statistics for H0i and pi be the corresponding p-

value. In addition, let p1,p2,...,pm and p(1) ≤ p(2) ≤···≤ p(m) be the observed and ordered 

observed p-values. There are four possible outcomes from m hypotheses based on the 

significance rule Ti, i=1,...,m; true positive, false positive, true negative and false negative. 

Define 

!" # = 1 − '( ) *,, -(
"

(./
 
 

and 

!" # = %&' (,* +&
"

&,-
 
 

where α is a prespecified threshold, IA(x) is an indicator function of interval A, and !" #    

and !" #    denote the number of false positives and true positives obtained from m 

hypothesis tests at significance level α, respectively. Thus, the total number of rejection, 

!" #   , is !" # + %" #   . 

4.2.3 Multiple Hypothesis Testing Procedures 

We chose a total of 14 methods to compare using the simulated data.  Here, we briefly 

describe each method and provide references for more in depth descriptions of the 

approaches. We are assuming a metabolomics dataset with 2N samples, each sample 

belonging to one of two groups (treatment or control group), with m metabolites observed for 

each sample. For the jth metabolite, j=1,...,m, we test the null hypothesis of non-differential 

expression between the groups using two-sample t-test. For each method, we calculate 

adjusted p-values in which we denote pa,j as the adjusted p-value corresponding to pj. 

Method 1. The Bonferroni method and its derivatives are intended to control the FWER, 

i.e. the probability of at least one type I error, at some designated level α. The Bonferroni 
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corrected p-value for comparisons, becomes !"#$%&''#$(,* = ,-. ,×!*, 1   . Holm283, 

Hommel284, and Hochberg285 procedures are sequential approaches whose goal are to 

improve the power of Bonferroni procedure by stepwise adjustments of p-values while 

keeping the FWER under control. 

Method 2. The Holm procedure is a step-down procedure, which starts with ordering the 

p-values from the smallest to largest. For a family of m tests, the test with the smallest p-

value will be corrected with the Bonferroni procedure. The procedure is stopped once the 

tests are no longer significant; otherwise, the test with the second smallest p-value is then 

corrected with the Bonferroni method for a family of (m − 1) tests. Thus, the corrected p-

value for the jth smallest test is computed as !"#$%,(() = +,- +-/ + 1 ×!((), 1   . Method 

3. The Hommel method is a step-up testing procedure that proceeds in a similar fashion as 

the Holm procedure, but starts with the largest p-value towards the smallest p-value. The 

procedure at the jth step, compares ! "#$-&    to !" #  , for ! = 1, . . , &  , where !(#), !(&), . . , !(()   

are the ordered p-values. It stops at the first step where ! "#$-& ≤ () *   for some 1 ≤ # ≤ $  . 

At the time of stopping, it rejects all hypotheses with p-value ≤ " #  . 

Method 4. The Hochberg’s step-up method starts with the ordered p-values p(1) ≤ p(2) 

≤···≤ p(m) and their associated hypotheses H(1), H(2),···, H(m) and then rejects all the 

hypotheses H(k) having ! " ≤ $
%&'("   where k=1,...,m. 

The Šidák method and its derivatives were developed to strongly control FWER and 

have a general adjusted p-value form: !",$ = 1 − 1 − !$
( $

   where 1≤g(j)≤m and g(j) is a 

method specific function. Method 5. The single-step Šidák (SidakSS) takes g(j)=m, where m 
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is the number of hypotheses. Method 6. The Šidák step-down (SidakSD) adjusted p-values 

are calculated in a similar fashion as the Holm procedure. At the jth step, the test with the 

smallest probability out of m-j+1 hypothesis tests will be corrected using the Šidák 

procedure. If the corrected value is insignificant the procedure accepts all the remaining tests. 

Otherwise, the next smallest p-value will be corrected. Thus, the jth test is computed as 

!"#$%&"',(*) = -./ !"#$%&"',(*-1), 1 − 1 − !*
4-*51

  . Method 7. The Dubey/Armitage-

Parmer (D/AP) adjustment method286 incorporates measures of correlation between 

outcomes. The D/AP method defines ! " = $%&' .)   , where r(.j) is the mean correlation 

among the outcomes other than the outcome j. 

Method 8. We also examined a permutation based step-down maxT method proposed by 

Westfall and Young279 which provides a strong control of the FWER. This method resamples 

the data without replacement to approximate the distribution of the maximum of the test 

statistics for all hypothesis tests. This distribution is then used to adjust the individual 

unadjusted p-values. The permutation-based methods are computationally intensive but 

appealing in that correlations and distributional characteristics are incorporated into the 

adjustments. 

We examined the performance of two methods that originally have been proposed to 

evaluate genome-wide significance of SNP that are in linkage disequilibrium with each other 

in genome-wide association studies (GWAS). The methods estimate the effective number of 

independent tests using the correlation matrix of SNPs: Method 9. The method of Nyholt287 

estimates the effective number of tests as !"#$%&'	,*++ = 1 + /-1 1 − 234 5
6   , where m is 

the number of tests performed and !"# $    is the variance of the eigenvalues from the 
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correlation matrix between the tests. Method 10. Similarly, the method of Li and Ji288 uses 

the eigenvalues of the correlation matrix of the SNPs. It calculates the effective number of 

tests as !"#&%#	,()) = + ,- ≥ 1 + ,- + ,-1
-23   , where ! "# ≥ 1    is 1 if the 

absolute value of the ith eigenvalue !" ≥ 1  , and 0 otherwise, and !"    is the largest integer 

⩽ !"   .	For each method, the p-value are adjusted by substituting the effective number of tests 

for m (total number of tests) in the Bonferroni formula. 

Method 11. The Benjamini and Hochberg (BH) method and its derivatives aim to bound 

the FDR, defined as the expected proportion of type I errors among the rejected hypotheses, 

instead of FWER. It is a step-up technique starting with ranking the p-values from smallest to 

largest. The procedure uses 
!" # $

% &  , i=1,…,m as a critical value for the ith ordered p-value, 

where q is the false discovery rate threshold. The procedure rejects all hypotheses 

H01,H02,...,H0L, where ! = #$% 	i: ) * ≤
,- . /

0 1   . It is necessary to note that the original 

BH method is guaranteed to control the FDR only when the p-values are independent. 

Method 12. Benjamini and Yekutieli280 showed that the BH method, under the most 

general dependence structure, controls FDR at ! "#
" 1/&"

'()   , where m0 denoted the number 

of true null hypotheses. Hence, the authors modified the the threshold in the original BH 

method and used  !" # $
%

&
'/)"

$*+
  , i=1,…,m.  The method rejects all hypotheses 

H01,H02,...,H0L, where ! = #$% 	i: ) * ≤
,- . /

0
1
2/*-

/45
  . We refer to this method as BY. 

Method 13. We also investigated the performance of the adaptive BH method 289. We 

refer to this method as ABH. This method amends the original BH using an estimate of the 
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number of true null hypotheses (m0) obtained from p-values. This estimator is then used to 

replace m in the original BH method. 

Method 14. The last FDR-controlling procedure that we investigated in our simulation 

study is two-stage Benjamini and Hochberg method290. An estimator of m0 is obtained from a 

first-pass application of BH method. This estimator is then used to establish the adaptive 

procedure. Their controlling procedure goes as follow: 

1- Define !* = $
%&$		. If !" #* 		=0, do not reject any hypothesis and stop; if 

!" #* = &		, reject all m hypotheses and stop; otherwise continue. 

2- Let !" = !-%& '* 		. 

3- Apply BH with the new significance level !' = $%*
$'

		. 

4.2.4 Simulated Datasets 

The performance evaluation of each MTP was based on synthetic data, where the true 

differential expression status of each metabolite could be controlled using simulation 

parameters. We simulated metabolite concentrations for the control and treatment groups 

from the multivariate normal distribution, with mean zero and a correlation matrix either 

estimated from the metabolomic dataset or from the two synthetic correlation matrices 

derived from the estimated correlation matrix. The primary motivation to use synthetic 

correlation matrices was to address scenarios that most metabolites are highly dependent 

(e.g., they are neighboring metabolites in the metabolic network or are in chemical 

equilibrium). Thus, they allow us to examine the performance of various MTPs when 1) the 
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correlation value among metabolites and 2) the total number of dependent metabolites 

increase. All MTPs were assessed using the same set of simulated datasets. 

We let M={k1, k2,.., km} denote the set of metabolites in our dataset. We set m=138, the 

number of metabolites in our original dataset. We let S={s1, s2, .., s2N} denotes the set of 

samples and we assumed that the samples were divided into two equally size groups: control 

and  treatment, with each group has size N. We let MDE⊂ M denote the set of metabolites 

that were differentially expressed (DE) between the control and the treatment group. We let 

!"# = !%"#, !'"#, . . , !)"#
'
   denote the vector of concentrations for sample s in group g and 

also let !" = !$", !&", . . , !("
'
   the mean vector of group g and finally let Σ   denotes the 

m×m variance-covariance matrix of m metabolites. We assumed that  

!"#$. $. &~()*+ ,#, Σ  
 

For all the simulated datasets we set !"#$%&#' = 0  . We set the fraction of metabolites that 

simulated to be non-DE π0= {100%,80%, and 70%}. π0=100% corresponds to no DE 

metabolite (all null hypotheses are true), and was used when the performance of MTPs in 

terms of controlling type-1 error rate was evaluated. The sample size for each group was set 

to N= {15, 25 and 35}. For the metabolites that were simulated to be DE, we added the 

treatment effect θ= {0.5, 0.75, 1, 1.25, 1.5 and 2}. 

The observed correlation matrix was used as the variance-covariance matrix in the 

multivariate normal distribution to draw metabolite levels. The mean[range] pairwise 

correlation was 0.21[-0.29,0.95]. In addition, we investigated the performance of MTPs using 

two synthetic correlation matrices. These matrices were derived from sample correlation by 

increasing pairwise correlation between metabolites while maintaining the positive-
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definiteness of each correlation matrix. To achieve this, we first set all the correlations with 

absolute value > 0.6 to 0. Then, we replaced all the remaining values with their absolute 

values. The resulting matrix could violate the positive-definite property of correlation 

matrices, so we decomposed the correlation matrix into its eigenvectors and eigenvalues 

using eigen-decomposition, replaced all non-positive eigenvalues with a small positive 

number (0.0001). Afterwards, the matrix was recomposed via the old eigenvectors and new 

eigenvalues, and then scaled so that the diagonals are all 1’s. Next, we increased the pairwise 

correlations by 0.3 or 0.5 and then we applied the aforementioned method to achieve 

positive-definiteness. Hereinafter, we call these two matrices synthetic correlation 1 and 2, 

respectively. Figure 4.1 depicts the heatmap of estimated sample correlation and the two 

synthetic correlation matrices. The mean[range] pairwise correlation of the synthetic 

correlation 1 and 2 was 0.40[0.23-0.85] and 0.55[0.39-0.92], respectively. 
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Figure 4.1: Heatmap of P180 sample correlation and two synthetic correlation 

matrices. A. Sample correlation. B. and C. Synthetic positive-semidefinite matrices obtained 

by modifying the sample correlation matrix. 

For each combination of the simulation parameters, we generated 500 datasets. For 

the permutation-based maxT method, we set the number of permutations required for 
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generating the null distribution to 1,000. This data generation scheme was repeated five times 

to measure variabilities in the MTPs’ performance and to generate boxplots. 

4.2.5 Performance Indices 

Using the synthetic data that were generated under varying simulation parameters, we 

evaluated the performance of each method by using a number of standard metrics: 

1- The ability to rank truly DE metabolites ahead of non-DE metabolites. This was 

evaluated in terms of the area under a Receiver Operating Characteristic curve 

(AU-ROC). 

2- The ability to control error rates (FWER and FDR) at the imposed level. The 

FWER expresses the probability of at least one type I error (false discovery). The 

FDR expresses the proportion of false discoveries versus the total number of null 

hypothesis rejections. This was evaluated by computing the observed FWER and 

the false discovery rate, respectively. We fixed the significance levels at 5%. 

3- The ability to identify truly DE metabolites. This was evaluated in term of 

statistical power. The power was empirically estimated by means of the true 

positive rate (TPR) which expresses the proportion of truly DE metabolites that 

are detected as such at a predefined nominal threshold. 

4.2.6 Implementation 

The simulation study was conducted using R software, version 3.3.2. The “multtest” 

package (version 2.30.0) was used to implement the maxT, Bonferroni, Šidák and their 

derivatives for multiplicity correction. The methods of D/AP, Li & Ji and Nyholt were 

implemented in R. Simulated data were drawn from the “mvrnorm” function from the 
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“mvtnorm” package. The “pROC” package was used to compute the area under the Receiver 

Operating Characteristic curves. 

4.3 Results 

Here, we evaluated 14 methods to multiplicity adjustment in differential expression 

analysis of metabolomic data. For each combination of correlation structure, sample size, 

proportion of true null and treatment effect, we tested the hypothesis of no DE between two 

groups using two-sample t-test. The p-values obtained from t-tests were adjusted using 

various MTPs, and the performance indices were calculated. 

4.3.1 Discrimination between DE and non-DE metabolites 

The metabolites that were simulated to be DE were labeled as the true positive group and 

the remaining metabolites as the true negative group. We used two sided t-test to assess the 

DE, thus the p-values and subsequently their corresponding adjusted p-values were not 

affected by the direction of effect between the two groups. Metabolites with adjusted p-

values smaller than a given threshold were called DE. We computed the true positive rate and 

the false positive rate for all possible thresholds and constructed a ROC curve for each 

method. The area under the ROC (AU-ROC) was used as a measure of the overall 

discriminative performance for each method. 
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Figure 4.2: Area under the ROC curve (AU-AUC). AU-AUC for the 14 evaluated 
methods under different combination of simulation parameters. The boxplots summarize the 
AUCs obtained across 5 independently simulated instances of each simulation study. Each 
panel shows the AUCs across three sample sizes (15, 25 and 35, indicated by the last number 
in the tick labels); π0 indicates the proportion of non-DE metabolites. θ indicates effect size 
in the group of DE metabolites; Samples had been drawn from a multivariate normal 
distribution with variance-covariance matrix Σ. 

Figure 4.2 and Supplementary Figures 4.1 and 2 demonstrate performance of the 

MTPs in terms of AUC under various simulation settings. Correlation structure and the 

fraction of metabolites that were simulated to be DE (20% vs %30 DE metabolites) had only 

minor impacts on the metabolite ranking accuracy for most MTPs. This can be seen by 

comparing Figure 4.2A and B to Supplementary Figure 4.1A for the AUC performance for 

correlation structure and Figure 4.2 to Supplementary Figure 4.2 for AUC performance 
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under different π0. The Bonferroni method and its derivatives (Holm, Hochberg and 

Hommel) and the two methods Li&Ji and Nyholt, which are based on the estimation of the 

number of independent tests, consistently showed the worst performance under all simulation 

settings when compared to the other methods. However, among the Bonferroni-class 

methods, Hommel and Li&Ji exhibited the best performance (e.g., under N=15, θ=0.75, 

π0=80% and sample correlation dependency, mean[range] AU-ROC for the Bonferroni, 

Hommel, and Li&Ji was 0.41[0.41-0.42], 0.44[0.44-0.45], and 0.43[0.42-0.45], respectively). 

The method of maxT outperformed Bonferroni-class methods, but showed worse 

performance compared to Šidák-class methods (SidakSS, SidakSD and Dubey/Armitage-

Parmer) and the three FDR-controlling procedures (BH, ABH and TSBH). SidakSD had the 

best performance among the Šidák –class methods, while BH, ABH and TSBH outperformed 

all the methods under different simulation configurations. The method of BY showed worse 

performance compared to other three FDR-controlling procedures (e.g., under N=15, θ=0.75, 

π0=80% and sample correlation dependency, mean[range] AU-ROC for the maxT, SidakSD, 

and ABH was 0.78[0.77-0.79], 0.84[0.84-0.85], and 0.84[0.84-0.86], respectively). 

As expected, increasing the sample size per condition and/or effect sizes (e.g. N≥25 

samples per group and θ ≥ 1.5) provided a tangible improvement and resulted in higher AUC 

values for all the methods (AUCs approached one for large sample sizes or effect sizes). In 

summary, the best results were obtained by three FDR-controlling methods (BH, ABH, and 

TSBH), followed by Šidák –class methods and then maxT. 

4.3.2 Control of the family-wise error rate 

Next, we evaluated the MTPs in terms of their ability to control the FWER at 5% 

nominal significance level in the absence of any truly DE metabolite. We excluded FDR-
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controlling procedures for these comparisons since they are indeed controlling the FDR 

instead of FWER. 

All methods (except D/AP and Li&Ji) performed quite well and in many cases resulted 

in estimated FWER below or around 5% (Figure 4.3). The estimated FWER obtained from 

D/AP adjustment exceeded the nominal 5% threshold under all simulation settings and shows 

poorer performance (higher FWER) as correlation increases. The Bonferroni-class and 

Šidák-class methods were the most conservative. Nyholt (based on estimation of effective 

number of independent tests) and maxT (permutation-based) resulted in estimated FWER of 

approximately 5%. The method of Li&Ji showed a FWER estimate between 5%-10% for 

various simulation parameters. The strongest dependence on the correlation structure was 

seen for D/AP, which performed poorer when the metabolite levels were simulated using the 

two synthetic correlation structures. For this method, the range estimated FWER under the 

sample correlation was [6.4%-1.1%] which increased to [13.8%-18.4%] and [12.4%-22.8%] 

under the synthetic correlations 1 and 2, respectively. 
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Figure 4.3: Family-wise error rates. Empirical FWER were computed when all 
metabolites simulated to be non-DE. FDR-controlling methods were excluded. 

4.3.3 Control of the false discovery rate 

Next, we examined whether setting a significance threshold for the adjusted p-values (or 

an FDR threshold) indeed controlled the false discovery rate at the desired level. We set the 

FDR threshold at 5%, and calculated the false discovery rate as the fraction of the 

metabolites called significant at this level that were indeed false discoveries. 

Figure 4.4 and Supplementary Figures 4.3 and 4.4 depict the estimated FDR values for 

different simulation settings. All methods controlled the false discovery rate at approximately 
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5% under different simulation settings. The method of BY followed by the methods 

belonging to the Bonferroni and Šidák–class (except D/AP) consistently showed smallest 

FDR values for all the configurations and thus were the most conservative of the methods 

(range FDR [0.02%-3.7%]). maxT, Li&Ji and Nyholt methods had similar FDR values 

(range FDR [0.03%-6%]) but larger than Bonferroni or Šidák –class methods and hence were 

more liberal. In addition, while the three FDR-controlling procedures (BH, ABH and TSBH) 

resulted in the FDR values around the the nominal 5% threshold (range FDR [1.5%-6.2%]), 

they exhibited larger FDR values than the rest of the methods. 
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Figure 4.4: False discovery rates. False discovery rates (FDR) observed for an 
imposed threshold of 5%. 

Larger sample sizes or effect sizes led to considerably smaller FDR values for all the 

methods except for the FDR-controlling methods (e.g., compare Figure 4.4A, 4.4C, and 

4.4E). The correlation structure had a minor impact on FDR values (e.g. for N=25, θ=1 and 

π0=80%, range FDR for the TSBH method was [3.9%-4.6%], [3.9%-4.7%] and [3.1%-3.8%] 

when data generated using sample correlation, synthetic correlation 1, and synthetic 

correlation 2, respectively) but did not affect the ranking of methods (e.g., compare Figure 
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4.4A, 4.4B, and Supplementary Figure 4.4: Observed false discovery rates when datasets 

were simulated using synthetic correlation 2 and 80% of metabolites were non-DE.). 

4.3.4 Identification of truly DE metabolites 

In a practical situation, methods must not only keep the rate of false positives low, but 

must also be able to sensitively detect the true positives. Therefore, we also evaluated the 

MTPs in terms of statistical power by computing the fraction of true positives (truly DE 

metabolites that were found to be significant) among the metabolites that were called 

significant at a cutoff threshold of 5%. 

As shown in Figure 4.5 and Supplementary Figure 4.5, three FDR-controlling 

procedures, BH, ABH and TSBH, outperformed other methods under all simulation 

parameters and with the method of ABH providing the highest number of true positives 

(range power [0.78-0.81] under N=25, θ=1, π0=80% and sample correlation dependency). 

The method of BY was the most conservative FDR-controlling with power levels similar to 

the FWER-controlling procedures (range power [0.48-0.51] under N=25, θ=1, π0=80% and 

sample correlation dependency). In general, the original Bonferroni and Šidák methods had 

the least power (range power [0.38-0.41] and [0.38-0.40] for Bonferroni and SidakSS 

methods, respectively,  under N=25, θ=1, π0=80% and sample correlation dependency), 

followed by the Bonferroni derivatives (Holm, Hochberg and Hommel; range power [0.39-

0.41], [0.39-0.41], and [0.39-0.42] for Holm and Hochberg , and Hommel methods, 

respectively,  under N=25, θ=1, π0=80% and sample correlation dependency), and then the 

permutation based maxT method (range power [0.44-0.46] under N=25, θ=1, π0=80% and 

sample correlation dependency). This should be viewed in relation to Figure 4.3 and 4.4, 

where it was shown that these methods often gave low number of false positives and are very 
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conservative. Among the Bonferroni class methods, the Hommel method demonstrated the 

highest power. The Nyholt method resulted in a smaller power than the method of Li&Ji 

(range power [0.39-0.41] vs. [0.47-0.49] under N=25, θ=1, π0=80% and sample correlation 

dependency) but provided a small improvement over the the Bonferroni and Šidák-class 

methods. This is mainly due to the fact the method of Li&Ji was more liberal than the Nyholt 

method and indeed did not preserve the FWER at the desired 5% level and possibly returned 

more false-positives. 

The method of D/AP showed the best power among the Šidák derivatives (range power 

[0.45-0.47] under N=25, θ=1, π0=80% and sample correlation dependency), but at the price 

of returning a higher number of false positives. Similar to other performance metrics, its 

power was highly impacted by the correlation structure, with power levels close to 

Bonferroni and other Šidák-class derivatives when data was generated using the sample 

correlation and its power was approaching to BH at high correlations. 

Finally, as expected, increasing the sample size per condition and/or the expression 

difference between the two conditions improved power and reduced the observed FDR or 

FWER, in a concordant manner for all methods. 
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Figure 4.5: Empirical power. Observed power at an imposed threshold of 5%. 

4.3.5 Real metabolic data 

In addition to the synthetic dataset, we also analyzed a metabolic dataset from the 

Alzheimer’s disease metabolomics consortium291. We conducted two-sample t-tests to test 

the null hypothesis of no difference between the AD and CN groups for each of the 138 

metabolites. The p-value adjustment methods were applied. For the maxT method, we used 

100,000 permutation samples in the calculations. All metabolites found to be DE at an 

adjusted p-value or FDR threshold of 5% were considered significantly DE. 
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Figure 4.6: Analysis of the ADNI P180 dataset. A. The number of metabolites found 
to be significantly DE between the Alzheimer’s disease and control groups. B. Overlap 
among the set of DE metabolites found by different methods. Significant threshold was set at 
5%. 

First, we compared the number of DE metabolites found by each method (Figure 4.6A). 

ABH and TSBH methods found the highest number of DE metabolites (16 metabolites), 

while Bonferroni and BY were the most conservative and returned 4 DE metabolites. As can 

be seen in Figure 4.6A, Holm, Hochberg, SidakSS, SidakSD, Nyholt methods found the 

same number of DE metabolites (5 metabolites). Among the FWER-controlling methods, 

maxT and Li&Ji returned the highest number of DE metabolites (8 metabolites), in consistent 

with the power analysis results using synthetic data. 

Next, we investigated the overlap between sets of DE metabolites. Four metabolites 

(“C14:2”, “C12”, “alpha-AAA”, and “PC aa C36:0”) were identified to be DE by all the 

methods. ABH and TSBH identified the exact set of metabolites as DE. Similarly, Holm, 

Hochberg, SidakSS, SidakSD, Nyholt methods found the same set of metabolites. Figure 

4.6B depicts the overlap between the sets of DE genes found by Hochberg , maxT, ABH, and 

BH (only four methods were included in order to make the Venn diagram interpretable). We 
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noted that the DE metabolites found by Hochberg were also found by the rest of methods. 

The method of maxT returned more DE metabolites than other FWER-controlling methods, 

but the returned set of DE metabolites by the method was a subset of metabolites that 

returned by BH and TSBH. In contrast, ABH found 3 unique DE metabolites, that were not 

shared with the other methods. The results obtained from real data were consistent with the 

simulation study that the FDR-controlling procedures exhibit the highest power, followed by 

maxT and other FWER-controlling methods. 

4.4 Discussion 

There has been much discussion in the literature about the trade-off between specificity 

(one minus the type I error rate) and sensitivity (statistical power). A statistical method could 

achieve high power by automatically rejecting all null hypotheses, but this would negatively 

affect specificity. Conversely, adopting an overly-conservative approach that would reject 

almost all null hypotheses could maintain excellent specificity (i.e., a very low type I error 

rate) but would have poor statistical power. Determining an appropriate method for balancing 

Type I and Type II error is particularly difficult in metabolomics studies. These studies often 

involve comparing hundreds of correlated metabolites with high sample to sample variation 

among experimental conditions, resulting in smaller effect sizes and weaker power. 

In this paper, we have evaluated and compared 14 multiple testing procedures, 10 

FWER-controlling and four FDR-controlling methods, using a publically available 

metabolomics data. The simulation parameters included: number of samples per condition, 

effect size, number of true null hypotheses and correlation structure. 

Figure 4.3 summarizes the results of the simulation for the observed family-wise error 

rate. The D/AP method, which has been designed to incorporate correlation into the 
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adjustment and the method of Li&Ji, which aims to increase the power of the Bonferroni 

method by dividing the unadjusted p-values to the estimated independent number of tests 

proved insufficient in protecting Type I error. All other FWER-controlling methods 

controlled the FWER equally well at the chosen significance level (5%) under different 

correlation structures, regardless of sample size. The observed power, as expected increased 

with large sample and effect sizes (Figure 4.5). The ranking of methods based on power as 

not affected by altering the correlation structure, sample size, effect size or the proportion of 

true null results. The D/AP method exhibited the best power under various simulation 

parameters with the sacrifice of inflating the family-wise error rate. However, this method 

provided a reasonable control of FDR (from <1% for large sample size, low correlation to 

7.5% for small sample sizes, high correlation). This strong dependence of the performance of 

the D/AP method on the correlation structure also was consistently observed for other 

performance metrics (Figures 4.2-5). Regardless of effect size, sample size, proportion of 

true nulls or correlation structure, it appears best to use the maxT (permutation based) and 

Nyholt (based on effective number of tests), SidakSD, or Hommel, as there is a modest (but 

consistent) power loss in the Bonferroni and SidakSS methods (Figure 4.5) as well as the 

inability of the D/AP and Li&Ji methods to control the FWER. 

Of the four FDR-controlling approaches we investigated, the methods of BH, ABH and 

TSBH consistently exhibited the best performance among the fourteen methods in terms of 

area under the ROC curve (i.e. the methods had a high sensitivity and specificity) and 

empirical power. The BY method gives the most conservative control of the FDR (Figure 

4.4), but at a noticeable loss of power (Figure 4.5) with a performance similar to the 

Bonferroni method and its derivatives.  The ABH method had the highest observed power, 
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followed by the TSBH and then BH. This trend can be seen consistently in the empirical 

FDR values where the BY method was among the most conservative ones (FDR values 

<1%), followed by the BH, TSBH and ABH methods which posed empirical FDR values 

close to the nominal 5% level. Figure 4.6A depicts the number of significant DE metabolites 

between the AD and CN groups in a real dataset found by each method. In concordance with 

synthetic data, ABH and TSBH were the most liberal methods while maxT returned the 

highest number of DE metabolites among the FWER-controlling methods. 

Our findings were in accordance with results of previous studies which were based on 

gene expression data or synthetic data. Qian and Huang, 2005282 , in term of observed power, 

has ranked ABH, followed by BH and then BY. Stevens et al., 2017292 have reported a high 

power and a good control of FDR for BH, ABH and TSBH under various dependence 

conditions. The Storey’s q-value method293 has also been compared by these studies and was 

ranked among top performers. In a simulation study by Blakesley et al., 2009294 several 

FWER-controlling procedures were assessed using a neuropsychological dataset. The results 

lead them to recommend the Hochberg and Hommel methods for mildly correlated outcomes 

and the minP method (an equivalent method to maxT) for highly correlated outcomes. 

Similar to our findings, the authors observed that the D/AP method cannot control FWER at 

the imposed level in presence of high correlation among outcomes. 

As with any simulation study, there are important limitations that must be considered. 

First, all of the methods utilized here focus on the simple case in which the effect sizes are 

equal for all the truly DE metabolites. In reality, DE metabolites may have different effect 

sizes, hence, the p-values do not have the same distribution which can affect the performance 

of the procedures. Second, the simulations were based on data generated from Gaussian 
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distributions. To know how the distribution assumption impacts the performance of the 

controlling procedure, future studies will need to assess the MTPs using datasets generated 

from a heavy-tailed distribution (e.g., multivariate t-distribution). Third, although we did not 

assess the impact of outliers, they occur frequently in real data and can result in spurious 

associations with phenotypes of interest. Finally, metabolomics data often have a complex 

correlation structure which is difficult to fully represent with only a few parameters. 

However, we believe that the chosen dataset shares common features of metabolomics 

experiments and so the observations presented here could provide some general insights into 

the sensitivity of different multiple testing procedures in typical metabolomics studies. 

Overall, the simulation parameters in this study represent plausible characteristics of 

metabolomics data and the results provide an insight into the effect of sample size, treatment 

effect and correlation structure on error rate control and power of the multiple testing 

adjustment methods. 

In conclusion, a few practical recommendations can be made based on the results 

presented here. The most powerful method was ABH and TSBH. These methods were able to 

control FDR at the nominal threshold for various correlation structures. The method of maxT 

consistently ranked top among the FWER-controlling procedures regardless of the 

correlation structure, but with the cost of high computation time. The simulation results 

showed the method of Nyholt is a good alternative to the permutation-based maxT and 

although the Nyholt method was able to control FWER at the imposed level for various 

simulation parameters, it showed modest loss of power compared to maxT. Here we provide 

a comprehensive evaluation of 14 methods for correcting for multiple testing in the context 

of high-dimensional metabolomics datasets. These comparisons can assist in the decision to 
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select the most appropriate methods for minimizing type I and type II error rates and 

increasing the confidence in the significant associations detected in future metabolomics 

studies. 
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CHAPTER 5: Future Direction 

We conducted a targeted metabolomic analysis of serum samples of cognitively 

normal elderly individuals and patients with varying degree of cognitive impairment enrolled 

in the Alzheimer’s disease neuroimaging initiative. The aim of the study was to investigate 

the role of gut microbiota in the pathogenesis of Alzheimer’s disease (AD). We studied the 

association between the bile acid concentrations as surrogates for the gut microbiota and the 

risk, cognitive decline, brain atrophy and progression of AD. We found that there are 

metabolic differences between the cognitively normal individuals and AD groups, 

specifically, lower levels of primary BAs, cholic acid (CA) and chenodeoxycholic acid 

(CDCA), in control group and elevated levels of bacterially produced BAs glycodeoxycholic 

acid (GDCA) and glycolithocholic acid (GLCA). These changes were also associated with 

cognitive decline and brain atrophy. Considering metabolomics as a fingerprint of phenotype, 

these changes can possibly be used as biomarkers for AD diagnosis and progression. These 

exciting results provide motivation and support for several directions for future work. In this 

final chapter, we will discuss a number of the most immediate future directions. 

It has been shown that the composition of gut microbiota can largely be affected by a 

variety of environmental factors including diet, antibiotic administration, and physical 

comorbidity. People with AD usually suffer from constipation, lack of minerals and vitamins, 

reduced dietary intake due to depression, loss of taste and smell which consequently lead to 

cachexia in end-stage disease. All these factors can influence the gut composition and 

consequently affect the signature of bile acids. The ADNI dataset does not contain such 

clinical variables. Hence, these factors should be addressed in future studies. 
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We conducted an exploratory analysis with baseline serum bile acid measurements. 

The identified associations did not equate with causation. With this in mind, it will be 

important to discover if these metabolome changes reflect by-products of disrupted 

development and aging, or if they actively contribute to neurodegeneration by creating a 

neurotoxic environment. We observed a few differences between the CN and MCI group, 

which may implicate that BA dysregulation is a precipitating factor rather than a 

consequence of late disease. On the other hand, gastrointestinal side effects are a prominent 

feature of AD-related medications. Therefore, we do not have sufficient evidence to address 

the issue of causality with certainty, and this calls for future studies that are designed to test 

the direction of such effects. One solution could be to collect time-course samples. There are 

methods that have been established to make causal inference using observational time-course 

data. Methods such as structural causal modeling295, difference-in-differences (DiD) 

analyses, instrumental variables (IV) and regression discontinuity design296 are specifically 

designed for causal inference in observational data. 

In addition, a future study can look at the signature of bile acids in the brain samples. 

Dysregulation of bile acids in the brain supports a hypothesis that the elevated serum bile 

acids could act as toxic compounds to the blood-brain barrier, plays a pathological role in the 

neurological decline, further supports for gut-liver-brain interaction. 

Finally, the findings in this research should also be replicated in an independent 

study. Ideally, such replication should be in large, longitudinal, population-based cohorts. 

Such a study would be able to address potential confounds of the data reported in this study 

including diet, medications, batch effects and representativeness of the cohorts. It has been 

shown that some BAs are also dysregulated in other neurodegenerative disorders including 
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Parkinson's disease, Huntington's disease, and Amyotrophic lateral sclerosis and it will be 

important to distinguish the relative overlap and confounding by these diseases. It remains to 

be seen whether the signature that we have observed is specific to AD.  
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Appendix A: Supplemental Figures and Tables from Chapter 3 

 
Supplementary Figure 3.1: Workflow for data curation and preprocessing of the bile acid 
metabolomics analysis of the ADNI cohort. 
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Supplementary Figure 3.2: Medication Categories Evaluated in the ADNI Cohort 
and Percentage of Participants taking Medications within each of the Categories Stratified by 
Diagnoses. 
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Supplementary Figure 3.3: Heatmap of p-values Obtained from Adjustment for the 
Effect of Medications on Metabolite Levels. Abbreviations: ACE: angiotensin-converting-
enzyme; COQ10: Coenzyme Q10; NMDA: N-Methyl-D-aspartate; NSAID: Non-steroidal 
anti-inflammatory drug. 
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Supplementary Table 3.1: Coefficient of Variation (CV) and Intra Class Correlation 
Coefficient (ICC) Calculated Based on the Replicated Samples on Different Plates and Result 
of the Quality Control (QC) Process. 

Metabolite	 Quality Control Indices 
%<LOD CV	(%) ICC QC	Result 

CA 1.84 7.02 0.99 Passed 
CDCA 7.49 12.55 0.99 Passed 
DCA 1.23 6.96 0.99 Passed 
GCA 0.12 7.34 0.98 Passed 
GCDCA 0 6.96 0.98 Passed 
GDCA 1.35 6.53 0.98 Passed 
GLCA 32.15 9.06 0.98 Passed 
GLCAS 	 	 	 Excluded 
GUDCA 4.66 9.73 0.97 Passed 
HDCA 96.93 NA NA Failed 
LCA 36.81 49.5 0.28 Failed 
TCA 35.95 6.82 0.97 Passed 
TCDCA 2.58 6.25 0.98 Passed 
TDCA 2.7 7.92 0.97 Passed 
TLCA 25.89 18.1 0.89 Passed 
TLCAS 	 	 	 Excluded 
MCA	(a,b,c) 100 NA NA Failed 
TMCA(a+b) 28.22 15.07 0.97 Passed 
TUDCA 5.521 21.49 0.89 Passed 
UDCA 39.75 13.27 0.96 Passed 
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Supplementary Table 3.2: Covariate Selection for Association of Metabolites with Clinical 
Outcomes 

Diagnosis N 1558 
Groups CN, SMC, EMCI, LMCI, AD 
Model Multinomial Logistic Regression 
Covariates Age, Sex, APOE ε4 status, enrollment 

protocol 
ADAS-Cog13 N 1550 

Groups CN, SMC, EMCI, LMCI, AD 
Model Linear Regression 
Covariates Age, Sex, Education, APOE ε4 status, 

enrollment protocol 
Composite Memory 
Score and Executive 
Functioning Score 

N 1558 
Groups CN, SMC, EMCI, LMCI, AD 
Model Linear Regression 
Covariates Age, Sex, Education, APOE ε4 status, 

enrollment protocol 
Cross-sectional Whole –
brain Imaging 

N 1556 
Groups CN, SMC, EMCI, LMCI, AD 
Model Linear regression 
Covariates Age, Sex, Education, ICV, APOE ε4 

status, enrollment protocol 
Longitudinal Imaging N 878 

Groups CN, SMC, EMCI, LMCI, AD 
Model Linear regression 
Covariates Age, Sex, Education, baseline total 

cerebral cortex GM volume, APOE ε4 
status, enrollment protocol 

Conversion From MCI 
to AD 

N 785 
Groups EMCI and LMCI 
Model Cox hazards model 
Covariates Age, Sex, Education, Baseline 

Diagnosis, 
APOE ε4 status, enrollment protocol 

Longitudinal ADAS-
Cog13 

N 1550 
Groups CN, SMC, EMCI, LMCI, AD 
Model Linear Mixed-effect model 
Covariates Age, Sex, Education, Baseline ADAS-

Cog13, 
APOE ε4 status, enrollment protocol 
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Supplementary Table 3.3: Cross-sectional association of metabolites with diagnosis. 
 
Metabolite AD-CN	 AD-LMCI	

BH	adjusted	p-value	(95%	CI	
of	Odds	Ratio)	

Log2		
Fold	

Change	

BH	adjusted	p-value	(95%	CI	of	
Odds	Ratio)	

Log2		
Fold	

Change	
CA	 5.60E-05(0.562,0.792)	 -0.895	 1.83E-02(0.679,0.931)	 -0.63	
CDCA	 1.95E-03(0.638,0.884)	 -0.499	 4.02E-02(0.714,0.959)	 -0.47	
DCA	 4.30E-01(0.916,1.288)	 0.058	 3.88E-01(0.935,1.283)	 0.1	
UDCA	 2.93E-02(0.698,0.963)	 -0.067	 8.04E-02(0.737,0.988)	 -0.09	
GCA	 7.39E-01(0.830,1.141)	 -0.041	 8.34E-01(0.844,1.130)	 -0.04	
GCDCA	 4.30E-01(0.922,1.271)	 0.045	 9.22E-01(0.850,1.145)	 0.02	
TCA	 5.31E-01(0.802,1.109)	 -0.223	 7.87E-01(0.828,1.116)	 -0.14	
TCDCA	 4.37E-01(0.791,1.090)	 -0.142	 4.07E-01(0.799,1.071)	 -0.08	
TMCA(a+b)	 3.96E-01(0.932,1.285)	 -0.226	 9.72E-01(0.860,1.150)	 -0.13	
GDCA	 2.65E-04(1.222,1.784)	 0.343	 1.78E-02(1.104,1.584)	 0.22	
GLCA	 8.89E-04(1.159,1.615)	 0.368	 4.14E-02(1.040,1.412)	 0.35	
GUDCA	 5.31E-01(0.904,1.248)	 0.036	 7.91E-01(0.833,1.117)	 -0.04	
TDCA	 1.74E-01(0.972,1.359)	 0.124	 3.73E-01(0.942,1.288)	 0.08	
TLCA	 1.94E-01(0.966,1.340)	 0.102	 4.07E-01(0.933,1.263)	 0.09	
TUDCA	 6.61E-01(0.813,1.131)	 -0.187	 2.96E-01(0.774,1.046)	 -0.15	
Cytotoxic	 9.62E-04(1.174,1.701)	 0.129	 1.78E-02(1.122,1.596)	 0.1	
Neuroprotective	 2.88E-03(0.649,0.898)	 -0.252	 1.83E-02(0.697,0.937)	 -0.26	
CA:CDCA	 3.96E-01(0.779,1.074)	 -0.09	 9.80E-01(0.866,1.158)	 0.06	
DCA:CA	 2.56E-04(1.206,1.701)	 0.843	 1.78E-02(1.082,1.490)	 0.5	
GDCA:CA	 1.11E-05(1.320,1.869)	 1.132	 1.78E-02(1.127,1.557)	 0.55	
GDCA:CDCA	 2.56E-04(1.208,1.691)	 0.845	 1.78E-02(1.092,1.487)	 0.47	
UDCA:CDCA	 6.66E-01(0.883,1.223)	 0.392	 8.34E-01(0.842,1.131)	 0.21	
GDCA:DCA	 3.81E-03(1.107,1.546)	 0.294	 2.13E-01(0.971,1.320)	 0.2	
TDCA:DCA	 4.13E-01(0.924,1.288)	 0.122	 8.34E-01(0.881,1.197)	 0.08	
GCDCA:CDCA	 2.88E-03(1.115,1.551)	 0.626	 8.04E-02(1.012,1.367)	 0.24	
TCDCA:CDCA	 1.53E-02(1.063,1.478)	 0.263	 1.87E-01(0.978,1.324)	 0.09	
GLCA:CDCA	 2.56E-04(1.199,1.669)	 1.344	 1.78E-02(1.076,1.456)	 0.7	
TLCA:CDCA	 1.96E-02(1.054,1.466)	 0.856	 1.33E-01(0.993,1.344)	 0.52	
GUDCA:UDCA	 2.88E-03(1.112,1.538)	 0.842	 8.04E-02(1.012,1.356)	 0.44	
TUDCA:UDCA	 9.40E-02(0.998,1.378)	 0.662	 3.88E-01(0.941,1.263)	 0.35	

 
Table depicts the association between metabolites, and baseline diagnosis in multinomial 
logistic models. Boxes contain FDR corrected p-values and, in parenthesis, 95% confidence 
interval of odds ratio. Significant associations are colored in grey.
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Supplementary Table 3.4: Cross-sectional Association of Metabolites with Cognitive 
Measures 
Metabolite	 ADAS-Cog	13		

BH	adjusted	p-value	(95%	CI)	
ADNI-MEM	

BH	adjusted	p-value	(95%	
CI)	

ADNI-EF	
BH	adjusted	p-value	

(95%	CI)	
CA	

1.84E-03(-1.350,-0.423)	 1.68E-02(0.021,0.097)	
8.22E-

06(0.070,0.161)	
CDCA	

4.66E-03(-1.213,-0.304)	 9.05E-02(0.003,0.078)	
4.29E-

05(0.057,0.146)	
DCA	

6.56E-01(-0.355,0.582)	 9.10E-01(-0.036,0.040)	
6.51E-01(-
0.033,0.059)	

UDCA	
6.56E-02(-0.921,-0.029)	 7.68E-02(0.006,0.079)	

6.99E-
03(0.021,0.108)	

GCA	
1.28E-01(-0.843,0.048)	 3.54E-01(-0.015,0.057)	

6.51E-01(-
0.056,0.031)	

GCDCA	
2.27E-01(-0.120,0.777)	 1.57E-01(-0.068,0.005)	

2.14E-03(-0.117,-
0.030)	

TCA	
4.35E-02(-0.981,-0.078)	 1.78E-01(-0.007,0.067)	

6.51E-01(-
0.033,0.056)	

TCDCA	
3.03E-01(-0.737,0.166)	 5.27E-01(-0.024,0.050)	

3.97E-01(-
0.068,0.021)	

TMCA	(a+b)	
4.70E-01(-0.259,0.638)	 4.41E-01(-0.053,0.020)	

2.53E-01(-
0.074,0.014)	

GDCA	
3.24E-03(0.353,1.271)	 2.59E-02(-0.092,-0.017)	

2.61E-04(-0.137,-
0.046)	

GLCA	
1.42E-02(0.187,1.092)	 1.11E-01(-0.074,-0.000)	

1.13E-02(-0.106,-
0.017)	

GUDCA	
5.07E-01(-0.285,0.614)	 5.27E-01(-0.050,0.023)	

7.66E-01(-
0.051,0.037)	

TDCA	
3.60E-01(-0.204,0.714)	 3.60E-01(-0.058,0.017)	

1.72E-02(-0.104,-
0.014)	

TLCA	
1.28E-01(-0.046,0.859)	 2.64E-01(-0.062,0.012)	

6.91E-02(-0.089,-
0.000)	

TUDCA	
3.87E-01(-0.702,0.223)	 4.41E-01(-0.020,0.055)	

4.17E-01(-
0.023,0.068)	

Cytotoxic	
6.03E-03(0.276,1.194)	 1.57E-01(-0.071,0.004)	

1.58E-03(-0.123,-
0.033)	

Neuroprotective	
1.82E-02(-1.053,-0.155)	 1.11E-01(0.000,0.074)	

4.05E-
04(0.042,0.130)	

CA:CDCA	
7.51E-01(-0.523,0.377)	 3.87E-01(-0.018,0.056)	

7.53E-01(-
0.036,0.052)	

DCA:CA	
6.03E-03(0.267,1.186)	 8.63E-02(-0.080,-0.004)	

1.44E-03(-0.124,-
0.034)	

GDCA:CA	
8.82E-04(0.523,1.443)	 1.68E-02(-0.103,-0.027)	

5.89E-06(-0.166,-
0.075)	

GDCA:CDCA	 1.84E-03(0.420,1.327)	 3.67E-02(-0.088,-0.014)	 2.06E-05(-0.151,-
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0.062)	
UDCA:CDCA	

5.07E-01(-0.289,0.624)	 5.31E-01(-0.025,0.050)	
4.56E-01(-
0.065,0.025)	

GDCA:DCA	
6.03E-03(0.267,1.188)	 1.68E-02(-0.099,-0.024)	

4.29E-05(-0.148,-
0.058)	

TDCA:DCA	
4.45E-01(-0.252,0.675)	 2.57E-01(-0.064,0.011)	

6.99E-03(-0.113,-
0.022)	

GCDCA:CDCA	
4.66E-03(0.306,1.215)	 7.65E-02(-0.082,-0.008)	

8.22E-06(-0.156,-
0.068)	

TCDCA:CDCA		
4.42E-02(0.071,0.981)	 1.57E-01(-0.070,0.004)	

1.29E-04(-0.139,-
0.050)	

GLCA:CDCA	
3.24E-03(0.361,1.268)	 7.65E-02(-0.081,-0.007)	

7.27E-05(-0.142,-
0.053)	

TLCA:CDCA	
1.57E-02(0.175,1.086)	 1.52E-01(-0.072,0.003)	

5.16E-04(-0.130,-
0.041)	

GUDCA:UDCA	
1.10E-02(0.209,1.102)	 1.68E-02(-0.094,-0.021)	

1.44E-03(-0.121,-
0.033)	

TUDCA:UDCA	
3.03E-01(-0.169,0.727)	 2.07E-01(-0.065,0.008)	

4.75E-02(-0.092,-
0.004)	

Table depicts the cross-sectional association between metabolites and baseline ADAS-Cog13 
(Column 2), composite score for memory (Column 3) and composite score for executive 
functioning (Column 4) in a liner regression models. Models were adjusted for age, sex, 
education in years, APOE status. Boxes contain the BH adjusted p-values and, in parenthesis, 
95% confidence interval of the estimate of the coefficient. Abbreviations: ADAS-Cog13: 
Alzheimer’s Disease Assessment Scale-Cognition; ADNI: Alzheimer’s Disease 
Neuroimaging Initiative; ADNI-EF: Composite score for executive function; ADNI-MEM: 
Composite score for memory. 
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Supplementary Table 3.5: Association of metabolites with longitudinal cognitive, executive 
functioning and composite memory score changes. 

Metabolite	 ADAS-Cog	13	Change	 ADNI-MEM	
Change	

ADNI-EF	Change	 Progression	
MCI	to	AD	
Dementia	

CA	 3.49E-04(-0.053,-
0.020)	

3.21E-
04(0.013,0.035)	

1.79E-
02(0.007,0.033)	

3.66E-
02(0.722,0.923)	

CDCA	 1.42E-03(-0.047,-
0.014)	

1.61E-
03(0.009,0.030)	

2.37E-
02(0.006,0.031)	

9.77E-
02(0.761,0.973)	

DCA	 7.41E-01(-
0.021,0.013)	

8.19E-01(-
0.013,0.010)	

3.63E-01(-
0.022,0.005)	

2.40E-
01(0.798,1.024)	

UDCA	 1.07E-01(-
0.031,0.001)	

9.69E-02(-
0.000,0.021)	

9.01E-01(-
0.011,0.014)	

3.44E-
01(0.823,1.049)	

GCA	 8.12E-01(-
0.013,0.018)	

7.64E-01(-
0.008,0.013)	

2.50E-01(-
0.003,0.022)	

3.33E-
01(0.957,1.232)	

GCDCA	 9.93E-02(-
0.000,0.032)	

1.56E-01(-
0.020,0.002)	

8.10E-01(-
0.015,0.010)	

9.77E-
02(1.020,1.340)	

TCA	 6.79E-01(-
0.021,0.011)	

4.86E-01(-
0.006,0.015)	

2.50E-01(-
0.003,0.022)	

3.44E-
01(0.954,1.218)	

TCDCA	 9.03E-01(-
0.015,0.017)	

9.36E-01(-
0.010,0.011)	

3.82E-01(-
0.005,0.020)	

4.64E-
01(0.935,1.206)	

TMCA	(a+b)	 9.03E-01(-
0.017,0.015)	

7.64E-01(-
0.013,0.008)	

5.90E-01(-
0.008,0.017)	

3.26E-
01(0.809,1.042)	

GDCA	 9.19E-
03(0.009,0.043)	

3.35E-03(-0.030,-
0.008)	

5.03E-02(-0.030,-
0.004)	

3.48E-
01(0.942,1.252)	

GLCA	 2.87E-01(-
0.005,0.027)	

9.28E-03(-0.027,-
0.005)	

6.17E-02(-0.028,-
0.002)	

9.49E-
01(0.883,1.142)	

GUDCA	 3.07E-01(-
0.006,0.026)	

2.60E-01(-
0.018,0.004)	

1.57E-01(-
0.025,0.001)	

8.09E-
01(0.898,1.153)	

TDCA	 2.09E-01(-
0.004,0.030)	

2.12E-01(-
0.019,0.003)	

5.13E-01(-
0.019,0.008)	

6.30E-
01(0.911,1.192)	

TLCA	 6.79E-01(-
0.011,0.021)	

9.69E-02(-
0.021,0.000)	

4.92E-01(-
0.018,0.007)	

7.67E-
01(0.903,1.161)	

TUDCA	 7.03E-01(-
0.021,0.012)	

9.62E-01(-
0.011,0.011)	

4.36E-01(-
0.019,0.006)	

6.70E-
01(0.854,1.096)	

Cytotoxic	 9.40E-
03(0.008,0.041)	

1.61E-03(-0.031,-
0.009)	

5.03E-02(-0.029,-
0.003)	

2.94E-
01(0.963,1.262)	

Neuroprotective	 1.07E-02(-0.040,-
0.007)	

1.03E-
02(0.005,0.026)	

2.69E-01(-
0.003,0.022)	

1.29E-
01(0.776,0.993)	

CA:CDCA	 7.03E-01(-
0.020,0.012)	

7.43E-01(-
0.008,0.013)	

9.83E-01(-
0.012,0.013)	

4.86E-
01(0.840,1.070)	

DCA:CA	 8.91E-
03(0.009,0.042)	

2.10E-03(-0.030,-
0.008)	

1.79E-02(-0.033,-
0.007)	

2.29E-
01(0.980,1.269)	

GDCA:CA	 3.49E- 3.21E-04(-0.035,- 1.79E-02(-0.034,- 4.43E-
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04(0.019,0.052)	 0.013)	 0.008)	 02(1.057,1.370)	
GDCA:CDCA	 1.41E-

03(0.015,0.048)	
8.50E-04(-0.032,-

0.010)	
1.79E-02(-0.032,-

0.007)	
9.77E-

02(1.018,1.317)	
UDCA:CDCA	 2.87E-01(-

0.006,0.027)	
2.60E-01(-
0.018,0.003)	

6.97E-02(-0.028,-
0.002)	

3.44E-
01(0.953,1.212)	

GDCA:DCA	 3.85E-
03(0.012,0.045)	

1.03E-02(-0.027,-
0.005)	

3.75E-01(-
0.021,0.005)	

4.43E-
02(1.054,1.364)	

TDCA:DCA	 9.76E-
02(0.000,0.033)	

2.60E-01(-
0.018,0.004)	

9.83E-01(-
0.013,0.013)	

2.24E-
01(0.988,1.284)	

GCDCA:CDCA	 1.41E-
03(0.015,0.047)	

1.56E-03(-0.031,-
0.009)	

5.03E-02(-0.029,-
0.003)	

4.43E-
02(1.065,1.371)	

TCDCA:CDCA		 8.71E-
03(0.009,0.041)	

1.03E-02(-0.026,-
0.005)	

1.67E-01(-
0.024,0.001)	

9.77E-
02(1.024,1.319)	

GLCA:CDCA	 8.91E-
03(0.009,0.042)	

8.50E-04(-0.032,-
0.011)	

1.79E-02(-0.032,-
0.007)	

2.24E-
01(0.986,1.269)	

TLCA:CDCA	 4.20E-
02(0.003,0.036)	

8.31E-03(-0.027,-
0.006)	

9.59E-02(-0.026,-
0.001)	

2.29E-
01(0.980,1.268)	

GUDCA:UDCA	 9.40E-
03(0.008,0.040)	

1.03E-02(-0.025,-
0.004)	

3.63E-01(-
0.020,0.005)	

2.78E-
01(0.970,1.240)	

TUDCA:UDCA	 2.77E-01(-
0.005,0.027)	

2.07E-01(-
0.019,0.002)	

6.53E-01(-
0.016,0.009)	

6.10E-
01(0.922,1.179)	

Table depicts the association between metabolites and longitudinal ADAS-Cog13 (Column 
2), composite score for memory (Column 3) and composite score for executive functioning 
(Column 4) in mixed effects models. Models were adjusted for age, sex, education in years, 
baseline diagnosis and APOE status. Boxes contain the BH adjusted p-values and, in 
parenthesis, 95% confidence interval of the estimate of the coefficient. The last column 
(Column 5) presents the associations of the metabolites with progression from MCI to AD in 
Cox hazards models that included age, sex, baseline diagnosis, education, and APOE as 
covariates. Boxes in columns 5 contains BH adjusted p-values, and in parenthesis 95% 
confidence interval for hazard ratios. 
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Appendix B: Supplemental Figures from Chapter 4 

 
Supplementary Figure 4.1: Area under the ROC curve when 70% of metabolites were 
simulated  to be non-DE. 
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Supplementary Figure 4.2: Methods were evaluated using AU-ROC when 80% of 
metabolites were true null hypothesis and data sets were generated using synthetic correlation 
2. 
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Supplementary Figure 4.3: Observed false discovery rates when 70% of metabolites were 
simulated to be non-DE. 
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Supplementary Figure 4.4: Observed false discovery rates when datasets were simulated 
using synthetic correlation 2 and 80% of metabolites were non-DE. 
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Supplementary Figure 4.5: Average power when 70% of metabolites were simulated to be 
non-DE. 
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Supplementary Figure 4.6: Mean power when datasets were simulated using synthetic 
correlation 2 and 80% of metabolites were non-DE. 

 
 


