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Abstract: Alzheimer’s disease (AD) is posing an increasingly profound problem to society. Our
genuine understanding of the pathogenesis of AD is inadequate and as a consequence, diagnostic and
therapeutic strategies are currently insufficient. The understandable focus of many studies is the
identification of molecules with high diagnostic utility however the opportunity to obtain a further
understanding of the mechanistic origins of the disease from such putative biomarkers is often
overlooked. This study examines the involvement of biomarkers in AD to shed light on potential
mechanisms and pathways through which they are implicated in the pathology of this devastating
neurodegenerative disorder. The computational tools required to analyse ever-growing datasets in the
context of AD are also discussed.
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1. Disease-defining biomarkers

Clinical practice throughout history has always been based on the identification and treatment
of medical indicators [1]. Rapid advances in scientific knowledge since the 19th century heralded an
era of more systematic medical approaches with the development and application of techniques such
as anaesthesia [2], aseptic surgery [3] and vaccination [4]. During this time physicians also began to
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analyse more systematically and objectively patients’ symptoms, relying less on verbal
communication and more on the measurable symptoms and causes of disease as demonstrated by the
explosion in the field of medical bacteriology [5]. Continual advances in laboratory techniques and
equipment over the last century mean that modern day medicine now relies heavily on the
identification and quantification of biological markers termed “biomarkers”. According to the
Biomarkers Definitions Working Group a biomarker can be defined as “a characteristic that is
objectively measured and evaluated as an indicator of normal biological processes, pathogenic
processes, or pharmacologic responses to a therapeutic intervention” [6]. The recent rapid expansion
in the fields of genomics and proteomics has resulted in many studies referring interchangeably
between the term biomarker and molecular entities associated with disease i.e. genetic mutations or
aberrantly expressed proteins, but the definition also encompasses measurements such as blood
pressure readings for stroke [7], spirometry readings i.e. the Forced Expiratory Volume in 1 second
(FEV1)/Forced Vital Capacity (FVC) ratio for Chronic Obstructive Pulmonary Disease (COPD) [8],
advanced imaging technologies e.g. single photon emission computed tomography for Parkinson’s
disease [9] and the urine sediment examination for kidney disease [10].

An idealised biomarker would be one which is only present in either the normal or varied state as
this would provide a definitive answer during diagnosis. One such biomarker is the human chorionic
gonadotropin (hCG) hormone utilised in pregnancy tests [11]. Such examples are relatively unusual
however and many biomarker studies focus on the under- or over-expression of molecules as potential
targets. One success story of this approach has been the identification of the membrane tyrosine kinase
receptor HER2 as a biomarker for approximately 20-25% of breast cancer cases [12,13]. This finding
led to the development of the anti-HER2 humanised monoclonal antibody Trastuzumab (Herceptin™)
and has greatly improved the outcome for many patients [13].

2. The difficulties associated with biomarker identification

Over the last two decades numerous putative biomarkers have been identified for many different
diseases but gaining the necessary levels of clinical confidence from a single biomarker is not a
trivial task. Despite the large financial investment in the field the FDA is approving less than 1.5 new
tests per year [14]. One of the biggest limitations to successful biomarker studies is the nature and
availability of the clinical sample under investigation. Obtaining a reliable, well characterised
collection of samples of known origin can be difficult and limited sample access can sometimes lead
to researchers performing studies on samples of unknown integrity [14]. Any sub-optimal treatment
that the samples may have been subjected to during collection, processing and storage [15] or any
deviation from the expected protocol (e.g. different anti-coagulants or time of day at which the
sample was collected) would impact on the quality of the experimental data collected and could
result in false-positive biomarker identification. Limited sample access also restricts the size of the
cohorts that can be examined. This, along with the cost and time required to process and analyse
samples can lead to an under-powering of studies. As a consequence the validation of many
biomarkers identified is often inadequate [14].

The optimal clinical sample for ease of routine patient screening and testing would be blood
plasma or serum [15]. Plasma and serum are complex fluids comprising a multitude of proteins and
metabolites [16,17]. The large dynamic range of these components makes demands on the analytical
technologies used during sample analysis and has resulted in the development of methods to try and
evade these difficulties [18]. Potentially the biggest limitation to successful biomarker identification
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in complex fluids is, however, the huge variation observed in “normal” biological concentrations of
proteins and metabolites between individuals [19]. Even when the concentration of a prospective
biomarker is shown to be significantly different in the disease condition compared to that in the
healthy, there still remains uncertainty as to the accuracy of the clinical decision based on the marker
measurement from an individual patient. This uncertainty has its origins in the overlap between the
marker distributions (Figure 1). Only those concentration values falling outside of the overlapping
ranges can be considered as an affirmative diagnosis, thus extensive levels of overlap may render the
practical application of a marker untenable. For those biomarkers that do get adopted into clinical
practice the need to establish cut-off points for diagnostic tests can result in the occurrence of false
positive and false negative results as exemplified by prostate specific antigen (PSA) a biomarker that
is analysed routinely in the diagnostic protocol for prostate cancer but which has come under
scrutiny recently [20].
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Figure 1. Individual biomarkers in disease detection. Whilst there may be a
significant difference (*) between the mean concentrations of biomarker in the healthy
and disease populations this does not necessarily deem it appropriate for use in a clinical
setting. In this exemplar, the majority of both the disease and healthy populations fall
within a grey area whereby the concentration of biomarker measured in their clinical
sample could not be used to determine the disease state of the individual.

3. Disease profiling

Determining accurate and reliable biomarkers is critical for the prediction, identification,
classification, monitoring and treatment of all diseases. Alongside this, however, biomarkers also
offer the often overlooked opportunity to obtain a further understanding of the mechanistic origins of a
disease. A biomarker informs us about disease for a reason; significant deviance from a “normal”
measurement is either causative of the disease or a consequence of the disease process. There has
been a tendency to focus on defining single targets for any one disease. The majority of diseases are,
however, highly complex in nature and have multiple factors contributing to their onset and
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progression making it unlikely that one biomarker will suffice for all requirements of a biomarker [19].
One way to address this would be to instead examine a variety of parameters that allow a picture of
an individual’s disease status to be constructed. This patient profiling approach would result in a
disease fingerprint comprising genetic, molecular and other physiological, psychological and
anatomical components a lot of which would have been identified as putative biomarkers in previous
studies. By compiling this information and determining the biological pathways underlying the
dysregulation of these targets we would obtain a better understanding of disease pathology. The
resultant disease profiles could then also be used to inform future diagnostic and drug development
protocols.

4. Alzheimer’s disease

Dementia, a syndrome caused by neurodegenerative diseases, is posing a huge societal problem.
By 2040 it is predicted that 90.3 million individuals will be affected worldwide [21] with
Alzheimer’s disease (AD) accounting for approximately 60% of all cases. AD is a complex,
progressive degenerate health condition which results in irreversible neuronal damage and a
subsequent decrease in cognitive, behavioural and functional abilities [22]. It can be classified into
two forms; early-onset AD (EOAD) and late-onset AD (LOAD). LOAD is the most common form of
dementia whereas EOAD only accounts for around 1-6% of AD cases [23]. EOAD is defined as AD
occurring before the age of 65, and in the case of familial AD (FAD), has a high degree of heritability
being strongly associated with mutations in three different genes: amyloid precursor protein (APP)
and Presenilins 1 and 2 (PS1/2) [24]. Together, these mutations lead to abnormal processing of APP,
resulting in pathogenic AP accumulation [24]. Conversely, LOAD typically occurs after the age of 65
and whilst genetics plays a significant role in its onset [25], it is a complex disease and does not
possess an autosomal dominant inheritance pattern. This, along with other emerging evidence,
suggests that LOAD and FAD are two etiologically different diseases [26]. The multifactorial nature
of LOAD means that the underlying disease mechanisms are likely to be extremely complicated and
unlikely to be caused solely by amyloid and tau based systems. The remainder of this review focuses,
therefore, on the late-onset manifestation of AD.

Existing procedures for the diagnosis of LOAD leave much to be desired and at present it can
only be definitively diagnosed post-mortem [25]. Clinical decision-making relies on a complex
interplay of clinical and neuropsychometric evaluation and as such it requires significant time
investment from experienced clinicians and healthcare professionals with patients before a diagnosis
is reached. On a per-patient-basis, this represents an expensive process and could also be considered
relatively subjective, relying on the skills, experience and abilities of clinicians forming a diagnostic
opinion. As a consequence, existing diagnostic approaches succeed best in moderate to severe stages
of dementia. There is however, a much poorer diagnostic sensitivity and selectivity in the early-phase
disease whereas the impact of (future) treatment could be most profound at these pre-symptomatic
(cognitive) stages [27].

There is a wealth of literature proposing different molecules as putative predictive and
prognostic LOAD biomarkers but translational success has been limited. The amyloid cascade
hypothesis has been central to AD research since it was first postulated in 1991 [28]. This theory
proposes that abnormal formation of A plaques in the brain triggers a sequence of events including
tau phosphorylation and neurofibrillary tangle formation that eventually result in synaptic
dysfunction, memory loss and structural brain damage [29]. As a consequence, much of the research
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effort into LOAD protein biomarkers has focused on the amyloid beta peptides (AP), in particular
AP42, and tau with limited success [30].

APP is an integral membrane protein that comprises a large extracellular domain, a membrane
anchoring domain and a short intracellular C-terminal tail [31]. Cleavage of the protein by any one of
several o-secretases results in production of soluble APP which is thought to play an important
neurotrophic role in facilitating normal physiological functions [32]. Sequential cleavage of APP by
firstly B-secretase and then y-secretase results in production of AP peptides which vary in length
from 39—43 amino acids [31]. Approximately 90% of the AP peptides produced are AB40 whilst less
than 10% are AB42, however, it is the AB42 form which is the more toxic peptide due in part to its
tendency to aggregate and form fibrils [32]. Soluble AB42 oligomers have been implicated in a range
of neurotoxic effects including synaptic density reduction, disruption of synaptic transmission,
inhibition of hippocampal long-term potentiation and impairment of cognitive functions [32].
However, AB42 has also been shown to have some neuroprotective properties at low concentrations
when it is unlikely to exist in an oligomeric form [33].

Tau is a microtubule associated protein found predominantly in the axons of neurons which
plays an important role in promoting the assembly and stability of microtubules [34]. In its native
form it is unfolded, highly soluble and demonstrates very little aggregation, but in tauopathies such
as AD aggregation of tau results in formation of neurofibrillary tangles [35]. The normal
physiological functioning of tau is highly regulated by a number of post-translational modifications
including phosphorylation at some of its 80 serine/threonine and 5 tyrosine phosphorylation sites. In
the brains of healthy individuals tau contains approximately 2—3 moles of phosphate per mole of
protein, however, in an AD brain tau is hyperphosphorylated to at least three-fold that level [36].
This hyperphosphorylation is believed to be a prerequisite of neurofibrillary tangle formation.

Although amyloid and tau are undeniably linked to LOAD, the nature and significance of this
involvement is unclear [37,38]. Whilst mutations within the APP gene are causative of EOFAD [39],
there is little evidence for a genetic link between the APP gene and LOAD. There is no reported
evidence of a significant correlation between amyloid plaque deposition and either severity of AD or
degeneration of neurons [40]. In fact, the amount of plaque formation found in the brain of an AD
patient is often similar to that found in a normal individual [41]. It is also unclear as to whether
plaques are a cause or a consequence of the disease process and the stage at which they or the
preceding AP peptides are pathogenic [42,43]. In animal models of AD abnormalities have been
detected prior to amyloid plaque formation which may have been due to the toxicity of abnormally
high levels of free AP peptide [44,45]. Therapeutic approaches focused upon disruption of
amyloid-based processes have had limited effect; failing to improve cognition or decrease the rate of
mental deterioration and in some cases even seeming to cause enhanced disease progression [46,47]

Regardless of the nature of the contribution of AP and tau to LOAD, is becoming apparent that
the disease comprises far more than just these two molecules [48] and actually incorporates multiple
genetic, molecular and environmental components [49,50]. The multifactorial nature of LOAD along
with its close resemblance to other neurological disorders such as vascular dementia, frontotemporal
dementia and dementia with Lewy bodies and the need to distinguish it from EOFAD and mild
cognitive impairment (MCI) make it a prime candidate for a disease profiling approach. In the next
part of this work we explore how such an approach may be applied to LOAD in the context of
current diagnostic and clinical knowledge and discuss how re-evaluating how we interpret this
knowledge may help to further our understanding of the mechanistic origins of the disease.
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5. Constructing a profile of Alzheimer’s disease

In order to construct an accurate profile of an individual with dementia it is important to
consider a wide variety of parameters which may contribute to the disease phenotype (Figure 2). The
most prolific area of recent development in the understanding of LOAD has been at a molecular level.
It is by deciphering the interactions and pathways that occur at this level that we will gain a better
understanding of the causes of disease onset and begin to comprehend how and why the disease
progresses. As such, the basis of a disease profile will comprise predominantly molecular
components. These quantitative measurements could be supplemented with information on other
disease risk factors including environmental and lifestyle factors, anatomical profiling (e.g. MRI
scans) and the psychological profiling that currently underpins a dementia assessment.
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Figure 2. The component parts of an Alzheimer’s disease profile.
6. Environmental and lifestyle factors

Whilst environmental and lifestyle factors such as diet, exercise, sleep patterns, smoking,
alcohol consumption and education have been shown to influence the onset and progression of
LOAD [51], these factors are often qualitative and difficult to enumerate for incorporation into a
patient profile. There are, however, several other parameters routinely monitored by physicians
which could be considered. Firstly, age is the single greatest risk factor for LOAD [52] with
prevalence doubling every five years after the age of 65 [53]. Secondly, gender appears to have some
influence on AD development, with evidence suggesting that females are disproportionately affected
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by LOAD [54]. Decreased levels of the sex hormones 17B-estradiol and testosterone are observed in
the circulation of females and males with LOAD respectively [55] and could be monitored. Whilst
testosterone levels decline slowly with age in men, it may be that the sudden decline of estrogens in
postmenopausal women contributes to the increased female prevalence of LOAD [54]. There is some
evidence linking hypertension with LOAD onset [51] so blood pressure measurements could be
included. Finally, mid-life obesity has been identified as a risk factor for LOAD [53] although it
seems that central adiposity may be a better predictive indicator to incorporate into a disease profile
than body-mass index (BMI) [56]. Interestingly it appears that whilst mid-life obesity can be
causative of LOAD an increased BMI may actually be protective in older adults [57].

7. Psychological profiling

Current methods of diagnosing LOAD rely heavily on psychological profiling of the patient by
clinical professionals. A selection of cognitive tests for the detection of dementia are available [58]
the most regularly used of which is the mini-mental state examination (MMSE) [59]. First published
in 1975, this 11-question measure tests five areas of cognitive function: orientation, registration,
attention and calculation, recall, and language. The score out of 30 achieved by the patient is
indicative of the level of cognitive impairment. An alternative test is the Addenbrooke’s cognitive
examination-revised (ACE-R) [60] which has been demonstrated to have equal, and in some cases
superior, diagnostic accuracy to that of the MMSE [61]. The results from either of these, or any other
validated cognitive test could form part of a LOAD profile. There is the possibility however that
once accurate quantitative biomarkers have been established for all phases of the disease
psychological profiling could be removed from the disease profile to reduce the large time burden
currently placed upon clinicians by the AD diagnostic protocol.

8. Anatomical profiling

LOAD is primarily a disease of the brain but biochemical analysis of brain tissue where the
characteristic hallmarks, amyloid plaques and neurofibrillary tangles, are located is unfeasible.
Advances in imaging technologies mean that it is now possible to gain some insight into the level of
brain tissue damage prior to post-mortem examination. A variety of imaging modalities are available
including structural and function magnetic resonance imaging (MRI), magnetic resonance
spectroscopy (MRS), single photon emission computed tomography (SPECT) and positron emission
tomography (PET). A detailed review of the implementation of these technologies in LOAD
diagnostics is available [62]. Application of imaging technologies provides important information on
temporal dynamic changes of the brain due to LOAD and the spatial distribution of tissue damage.

Studies have demonstrated that implementing imaging technologies alongside cognitive
assessment can increase the accuracy of LOAD diagnosis. It is difficult, however, to envisage their
widespread, routine adoption in population screening for dementia. Such protocols are time
consuming, qualitative and require highly skilled personnel to undertake them. This, along with the
expense associated with the manufacture, installation and maintenance of the necessary
instrumentation results in high costs per patient scan. Instrumentation is also of limited availability
outside specialist centres. Thus, in their currents forms, it is more probable that they will continue to
be utilised within a diagnostic programme which includes other schemes e.g. biochemical
psychological profiling.
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9. Molecular analysis
9.1. Genomic

APOE was the first gene to be identified as a LOAD risk factor [63,64] and for many years it
remained the only known genetic indicator of the disease. Three common alleles of the gene exist; €2,
€3 and 4. These encode three isoforms of the ApoE protein, a 299 amino residue glycoprotein which
vary at positions 112 and 158: €2 (Cys112, Cys 158), €3 (Cys 112, Argl158), ¢4 (Argl12, Argl158) [65].
Numerous studies have demonstrated an association between the APOE ¢4 allele and risk of LOAD
and a meta-analysis of some of this work demonstrated an increased risk of nearly fourfold when
compared to the £3 allele [66]. Conversely, carriers of the ApoE &2 allele appear to have some level
of protection against the development of LOAD [67]. As with many disease susceptibility genes,
however, APOE genotype alone cannot determine disease status. Approximately half of the
individuals who develop LOAD are not carriers of the APOE ¢4 allele and of those individuals who
are carriers, it is estimated that only approximately 10% will develop the disease [68]. Reliance on it
as an individual biomarker would, therefore, result in a high incidence of false positive and negative
diagnoses.

The advent of improved genomic technologies and approaches such as genome-wide association
studies (GWAS) has resulted in an explosion in the number of recognised genetic risk loci to the extent
that LOAD is now one of the better genetically characterised diseases. To date at least 25 LOAD genes
have been reliably identified [69] and detailed examinations of many of these genetic risk factors are
available [70,71]. In addition to APOE these genes are ABCA7 (ATP-binding cassette transporter),
BINI (bridging integrator 1), CASS4 (Cas scaffolding protein family member 4) , CD2AP
(CD2-associated protein), CD33 (sialic-acid-binding immunoglobulin-like lectin), CELFI locus
(CUGBP Elav-like family member 1), CLU (clusterin), CR/ (complement receptor 1), EPHAI (ephrin
receptor Al), FERMT2 (Fermitin family homolog 2), HLA-DRB5/HLA-DRBI locus (Human
Leucocyte Antigen DR-beta 1/5), INPP5D (Phosphatidylinositol 3,4,5-trisphosphate 5-phosphatase 1),
MEF2C (Myocyte-specific enhancer factor 2C), MS4A cluster (membrane-spanning 4-domains
subfamily A), NMES (TXNDC3) locus (Thioredoxin domain-containing protein 3), PICALM
(phosphatidylinositol-binding clathrin assembly protein), PTK2B (Protein tyrosine kinase 2 beta),
SLC24A4/RIN3 locus (Sodium/potassium/calcium exchanger 4/Ras and Rab interactor 3), SORLI
(Sortilin-related receptor), TREM?2 (Triggering receptor expressed on myeloid cells 2) and ZCWPW1
locus (Zinc finger CW-type PWWP domain protein 1) [72-78].

The identification of so many genetic risk factors of LOAD highlights the multifactorial nature
of LOAD. Despite the identification of these new genetic factors of LOAD, however, it is predicted
that only approximately 24% of heritability has so far been resolved [10]. As a consequence the
implementation of biochemical testing based exclusively on genetic indicators would be unfeasible at
the current time as it would result in many false negative diagnoses. The translation of these genetic
findings into mechanistic insights into the disease pathology is crucial as biochemical markers may
well be independent of genetic markers. Alongside the genetic investigations that have been
undertaken, studies into the proteomic aspects of LOAD have also been ongoing. The focus of many
of these studies, in some cases unintentionally but at other times as a consequence of the genetic
findings, has been on examining the downstream products of the mutated genes. Some of the targets
of these genotype-phenotype studies will be discussed in greater detail in the proteomic section of
this paper.

AIMS Genetics Volume 3 Issue 1, 25-48.



33

9.2. Proteomic

Amyloid plaques and neurofibrillary tau tangles are the pathological hallmarks of AD. As
discussed above, whilst there is a large body of evidence implicating both AB42 and tau in the
pathology of LOAD there is still uncertainty surrounding their application as LOAD biomarkers [62].
Until stronger candidate markers are identified AB42 and tau (both phosphorylated and total) are
likely to be considered the gold standard and any profiling scheme would include them. The
insufficient accuracy of AP42 and tau as diagnostic markers for LOAD has, however, led to a
widening of investigations into other potential target protein biomarkers.

For many years, mutations in the 4POE gene were the only known genetic risk factors for
LOAD and so the three protein isoforms, ApoE2, ApoE3 and ApoE4 came under much scrutiny.
Whilst details of mechanisms underlying the linkage between the APOE &4 allele and AD still
require full clarification, evidence suggests that it contributes to LOAD pathogenesis through both
AB-dependent and AB-independent pathways [79,80]. ApoE co-localises with amyloid plaques [81]
and multiple studies have demonstrated ApoE isoform-dependent effects on AP clearance and
aggregation [80]. In addition, ApoE allele has also been shown to influence neuronal outgrowth and
synaptic density and transmission [82,83].

Clusterin (Apolipoprotein J), encoded by the CLU gene on chromosome 8p2l-pl2, is a
chaperone protein widely expressed in brain tissue. A single nucleotide polymorphism (SNP) in the
CLU gene has been reproducibly demonstrated to confer a genetic predisposition to LOAD [74,76]
but investigations into the involvement of clusterin protein in AD were already ongoing prior to the
publication of these findings. Increased expression of clusterin have been shown in the frontal cortex,
hippocampus, cerebrospinal fluid (CSF) and plasma of AD patients [84-87] and associations
between expression levels and brain atrophy, disease severity and clinical progression have been
demonstrated [88,89]. Clusterin binds to both AP peptides and amyloid plaques [90,91] and helps to
manage levels of soluble and insoluble AP in the brain [81] in part through its facilitation of
clearance of AP across the blood brain barrier as a Clusterin-Ap complex [92]. Studies on its role in
the pathogenesis of AD have indicated that CLU can have both a protective effect by preventing the
aggregation of AB42, and an exacerbating effect by enhancing the toxicity of AP oligomers [93-95].

TREM?2 is a glycosylated innate immune receptor, which is thought to be involved in the
control of two important signalling cascades in microglial cells: enhancement of phagocytic
pathways and suppression of the inflammatory response [73,96]. It has recently gained popularity as
a promising biomarker for LOAD as loss of function mutations in this gene have been identified as
risk factors for LOAD [73,97]. Additionally, in LOAD patients with the functional TREM2 gene,
levels of TREM2 mRNA and protein, and its adaptor protein, DAP12, have been shown to be
increased in the brain [98] and its expression pattern appears to map with pathological areas
containing amyloid deposits [99,100]. Together, these findings suggest that TREM2 normally has a
neuroprotective role against AD, which is possibly triggered by amyloid deposition, resulting in
phagocytosis of damaged cells, AP clearance and suppression of neuroinflammation. This explains
why people with loss of function mutations are more likely to develop LOAD. Interestingly, the
signalling pathway initiated by the TREM2/DAP12 complex may also explain several symptoms of
LOAD. Although the ligands for this complex are unknown, its activation results in recruitment of
spleen tyrosine kinase (syk) [101], which has been implicated in AP production and tau
hyperphosphorylation [102]. In fact, syk has been shown to directly phosphorylate tau in vitro [103].
Therefore, although an increase in TREM2 levels may initially be neuroprotective, the resulting
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increase in syk activation may contribute to the pathological hallmarks of LOAD, suggesting that
levels of TREM2 and consequently syk must be tightly controlled as dysregulation either way can
have consequences contributing to neurodegeneration in LOAD.

Initial attempts to move proteomic studies away from individual biomarkers towards panels of
biomarkers have resulted in tentative successes. Vatadar-Isfahani and colleagues recently identified a
panel of CSF biomarkers capable of differentiating healthy individuals from those with AD [104].
This panel comprised Fibrinogen alpha chain precursor (FGA), Keratin type I cytoskeletal 9 (Keratin
9), Serum albumin precursor, SPARC-like 1 protein (SPARCL1) and Tetranectin in addition to the
aforementioned AP and ApoE. Further studies in our laboratories utilised immunoassays to
demonstrate expression of the components of this panel in “matched” CSF and blood plasma samples
collected simultaneously from individual donors [105]. The diagnostic power of these markers resided
in their combined use as a complete biomarker panel, but the existence of any marker within the panel
is suggestive of some involvement in the mechanisms underlying AD pathology.

SPARCLI is widely expressed in glial and neuronal cells [106]. Little is currently known about
the mechanisms through which SPARCLI1 is implicated in AD but an association between SPARCL1
and AD has previously been demonstrated by Yin et al. using 1D electrophoresis followed by
LC-MS/MS [107]. Evidence also shows a down-regulation of the SPARCL1 gene in hippocampal
tissue samples from AD patients when compared to control patients potentially indicating a role for
cell adhesion molecules in AD [108]. There is very little other evidence associating tetranectin with
AD apart from a study which identified decreased expression levels in the CSF of AD patients [109].

Fibrinogen alpha chain (FGA) is one of three fibrinogen chains, along with beta and gamma
fibrinogen which, following cleavage by the protease thrombin, polymerize to form an insoluble
fimbrin matrix: one of the major components of blood clots [110]. Several other studies have
reported elevated levels of fibrinogens in the brain and blood plasma of AD patients, which
accumulate as the disease progresses [111,112]. Although the exact mechanism of its involvement in
the disease is unknown, its presence in the AD brain suggests a breakdown of the blood brain barrier
as FGA is usually only found in the blood [104,113]. Additionally, it has been shown that FGA
specifically binds to AP and co-localises with amyloid depositions in the brain [112,114]. The
resulting AB-fibrin clots are more resistant to degradation [112], which may exacerbate
neurodegeneration [113]. Recently, the interaction between AP and fibrinogen has been identified as
a potential target for AD therapy and initial trials in mice with an inhibitor of the interaction have
yielded positive results [113].

Keratin 9 is of particular interest as it was the only component of the biomarker panel that was
exclusively detected in the CSF of LOAD patients but not the healthy controls [105]. Furthermore, a
previous study by Mueller et al. also used mass spectrometry to demonstrate that Keratin 9 was
exclusively present in the blood serum of LOAD patients before cognitive decline but not after [115].
Together these findings suggest that Keratin 9 may be a powerful diagnostic tool for LOAD. This may
seem unusual considering Keratin 9 is predominantly expressed in terminally differentiated epidermis
of the palms and soles of hands and feet [116]. However, several previous studies [117-122] have
identified alternative expression sites of Keratin 9, including serum [122], and a recent study by Li et
al. identified Keratin 9 as a component of a protein-protein interaction network in LOAD [123],
which substantiates these findings.
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9.3. Other molecular targets in blood and CSF

The need to further understand the pathogenic mechanisms and LOAD and the aim of
producing a blood-based detection system for the disease has led to investigations into other
molecular species and biological processes within blood and CSF. One such species are the micro
RNAs (miRNA), 18-25 nt molecules which act as post transcriptional regulators of gene expression
by binding to complementary sequences on the 3’UTR of specific RNAs. This results in gene
silencing via degradation or translational inhibition [124]. As their level of expression can be
influenced by a variety of external factors, they could provide a link between environmental and
genetic factors in LOAD onset and progression. MiR-146, which downregulates the inflammatory
suppressor protein Complement Factor H (CFH), has been shown to be upregulated in the LOAD
brain, contributing to the neuroinflammation that is characteristic of LOAD [125]. Additionally,
MiR-195 1is thought to be downregulated in the LOAD brain and its normal function is
downregulation of the gene encoding BACEI, which reduces amyloidogenic processing of APP and
therefore AP peptide accumulation [126]. Mir-219 has also been shown to suppress tau synthesis,
and its downregulation in the LOAD brain potentially contributes to increased tau toxicity [127].

The lipidome of an individual could also provide some indication of the disease state [65].
Altered levels of lyso-phosphatidylcholine, ceramide and sphingomyelin have all been reported in
the CSF of AD patients [128—130] whilst a set of ten targets which were present in the blood plasma
of individuals who converted from MCI to LOAD but not in those that did not convert [131] were
recently identified. In a separate study, increased levels of monoacylglycerols and diacylglycerols
were demonstrated in the frontal cortex and plasma of patients with MCI offering a potential means
for earlier disease detection [132].

10. Disease profiling as a tool for understanding disease mechanisms

The molecular targets detailed above are only a sample of the data available in the literature,
selected dues to either their significance in the disease process or their diagnostic potential. There are
numerous other published markers that have been associated with LOAD but which cannot be
detailed individually here. Clinical implementation of many of these targets is often limited due
initially to issues with reproducing findings in subsequent studies. The information that they can
provide could be invaluable however in furthering our understanding of disease pathogenesis. By
connecting these seemingly disparate strands of information together we can begin to collate the
details into a unified dataset (disease profile) and subsequently begin to decipher the mechanisms
governing their involvement in LOAD. The eventual aim of this approach would be to trace back to
the origins of the disease and identify effective therapeutic targets for drug discovery studies.

A range of analytical tools are becoming available that facilitate interrogation of large datasets
including Ingenuity (http://www.ingenuity.com), STRING (http://string-db.org) and GeneMANIA
(http://www.genemania.org/). These tools enable the biological interactions of an experimentally
determined biomarker to be investigated. Examination of multiple targets i.e. a panel of biomarkers,
will allow the construction of molecular pathways and networks around these targets. One such
software tool which will be used here to exemplify the disease profiling approach is VisANT, an
analysis package developed at Boston University and based upon the Predictome database
(http://visant.bu.edu) [133]. The majority of interactions utilised by VisANT are experimentally
derived and sourced either directly from the literature or from existing database sources such as
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BioGRID [134] of the KEGG disease database [133]. In addition to this some interactions are
predicted by a robust computational prediction protocol integrated within the Predictome database.
VisANT analysis has been applied to a variety of research areas including the mammalian
14-3-3-phosphoproteome [135], the StatSa network in prostate cancer [136] and the role of FoxP1 in
the regulation of autism-related pathways [137].

Figure 3. The binding interactions of SPARCL1 (SC1) identified using the VisSANT
analysis platform (A). When combined with the other putative LOAD protein
biomarkers amyloid beta (AP), Apolipoprotein E (ApoE), clusterin (Clu),
Fibrinogen (FGA), Keratin 9 (KRT9), Tau and Tetranectin (Tet) an interactome is
produced (B). Sections of the interest within the interactome can be selected and
investigated in more detail as required (C).

In our laboratory we are applying VisANT analysis protocols to AD-related gene and protein
panels in order to explore and redefine the mechanistic basis of the disease [49]. The manner in
which this problem is being approached can be exemplified using a selection of the proteins detailed
above. If we take, for example, SPARCLI1 and examine its known interactions it can be seen that it
has four reliably determined binding partners; Disrupted in schizophrenia 1 (DISC1), Prion protein
(PRNP), SKI-Like Proto-Oncogene (SKIL) and Ubiquitin C (UBC) (Figure 3a). These in themselves
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provide some information on the possible linkages between SPARCL1 and LOAD pathogenesis as
both DISC1 and PRNP have both been previously implicated in LOAD [138,139]. In order to obtain
greater context for the involvement of SPARCL1 in LOAD, it can then be analysed in conjunction
with other LOAD factors e.g. AP, ApoE, Clusterin, Fibrinogen, Keratin 9, Tau and Tetranectin to
produce an interactome (Figure 3b). Figure 3b illustrates a selection of the binding partners and
feedback loops which directly connect these molecules. For ease of visualisation, binding partners
which only interact with one molecule have been removed from the diagram. The interactome
produced from this analysis comprises a total of 108 molecules each of which could be investigated
for their contribution to LOAD. Areas of interest can be expanded further to identify greater detail
within potential pathways and determine additional molecules of interest (Figure 3c).

Interactome data outputted from VisSANT can be further analysed using Reactome
(http://www.reactome.org/) [140,141] to define in detail the pathways in which the molecules may be
participating. An exemplar of the overview data obtained from Reactome is illustrated in Figure 4.
Here the overarching pathway classifications are annotated with the more detailed pathways being
diagrammatically illustrated. More detailed examination of each of these pathways can be
undertaken as required using Reactome. Connections between different pathways are indicative of
molecules which contribute to both pathways. Utilising Reactome allows some level of quantitation
to be brought upon the analysis.
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Figure 4. Overview data obtained from Reactome (http://www.reactome.org/) illustrating
the broad pathways in which the molecules identified using VisSANT participate.

11. Data Science applications and analysis in disease profiling

Big data is a widely used term to describe datasets so large that traditional methods of analysis
are unfeasible. This situation has arisen due to the rapid digitisation and collection of data, huge
increases in storage capacities and increases in computing power. Associated analysis of these data
sets promises to find correlations or trends previously unobserved, to inform business and political
decision making. Science is one of the drivers of this technological transformation and medical and
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biological fields are prime examples of areas where data collection is both voluminous and varied
and where detailed analysis will lead to understanding of disease and positive outcomes for patients.

Clinical Bioinformatics (CBI) combines activities from a number of disciplines such as
bioinformatics, medical informatics, data analysis, statistical mathematics and other “omics”. It can
be defined as the “clinical application of bioinformatics-associated sciences and technologies to
understand molecular mechanisms and potential therapies for human diseases” [142]. The aim of
CBI is to derive biological and medical information, from multiple sources, to advance the transfer
of knowledge towards novel treatments and personal healthcare. The term Translational
Bioinformatics has similar definitions and can be considered a synonym for CBI [143,144].

Creation of a personal profile from different data sources requires cooperation between the
creators of information to ensure compatible data structures, compatible and secure IT systems.
Software and database design would need to be well defined but agile, to enable new data sources to
be incorporated in the future. High quality research data from patient studies will be required to
provide the basis for disease diagnosis and should be continuously updated to improve reliability.

11.1. Examples of data analysis techniques for diseases diagnosis

Here we outline some recent examples of the applications of CBI to AD and similar conditions,
briefly highlighting some of the advanced data analysis methods now employed. Machine Learning
is a field of computer science that involves the use of algorithms to study patterns in data, where the
computer learns from known data sets and can apply it later to new data. Machine Learning
algorithms have become widely used in many areas of computer science and technology including
bioinformatics [145]. Here we highlight their use in classification problems for biomarker discovery.

Network analysis has been applied to a wide variety of problems across scientific disciplines in
fields such as computer science, chemistry, engineering and bioinformatics. The mathematical basis
for these methods, known as graph theory, is well defined and has been implemented in a number of
software packages [146]. It has been shown to be useful in the analysis of brain network
organisation [147,148], and how structural changes can be determined from experimental
measurements. Analysis of this type could form part of a diagnosis method for brain conditions such
as AD. In the language of graph theory, vertices represent the brain regions and edges represent the
functional connections between regions.

11.2. Data analysis of biomarkers

Screening biomarkers are measured from patient samples using a variety of experimental methods
e.g. mass spectrometry, immunoassay and microarray. The aim of the analysis is to identify, from the
derived data, which of the markers is a reliable signifier of the disease state. Protein concentrations are
reflective of the physiological state of the cells and circulatory fluids within a biological system and
can be used to indicate disease. The concentration of these proteins is typically low and we require
sensitive techniques to detect and quantify them. Techniques such as mass spectroscopy have relatively
low throughput and limit the scope of research studies and their use in regular testing. We require new
developments to improve the throughput and sensitivity of these techniques [149].

Pre-processing of raw data to remove outliers, normalise and discretise data and to transform it
into the correct formats for further analysis must be performed. Various statistical methods have been
employed for outliner removal, based on the assumption of normally distributed data, but other
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techniques have been used which may be better suited to biomarker screening [149]. Data
pre-processing can determine the success of the analysis and must not be underestimated. Human
interaction time in this part of the process can be high [150]. Figure 5 illustrates the processing stages
from initial sample collection to biomarker discovery (Figure 5).
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Figure 5. The process of biomarker discovery from sample collection to data classification.

Classified or labelled data from patient studies can be used as training data for machine learning
algorithms. Here the algorithm chosen must be able to separate the classifications from sample data,
such that a unique region in parameter-space can be identified as an indicator of the disease. It may
be that a number of markers must be used simultaneously as an indicator. High-dimensional
patterned classifiers for example Support Vector Machines (SVMs) can be used for biomarker
selections [145,151]. SVM-like methods have been applied to blood-based biomarkers for the
detection of AD [152].

11.3. Data analysis of functional MRI and EEG data

Functional Magnetic Resonance Imaging (fMRI) and positron emission tomography (PET) for
neuroimaging have become vital tools in understanding brain structure and function [153]. Recently
network analysis has become a successful method of analysing data for the identification of
biomarkers of neurodegenerative diseases [153]. Network analysis has been applied to data derived
from EEG measurements of patients with AD, Frontotemporal lobar degeneration (FTLD) and no
sign of disease [154]. In these experiments parameters derived from readings of functional
connectivity, calculated from brain wave patterns, was analysed using graph theory. Various graph
parameters such as mean clustering coefficients, characteristic path lengths and degree correlation [146]
all were useful parameters in determining disease states. The technique was able to differentiate
between patients with AD and FTLD and supported the hypothesis that in AD local brain network
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structures breaks down. With a similar analysis approach but with fMRI, Brier et al. [155] studied
patients with AD, and determined that the graph parameters of clustering and modularity were
reduced in AD patients and potentially could be measured before the onset of symptoms.

11.4. Combining data analysis techniques

Zhang et al. [156] performed combined patient studies with structural MRI, functional PET and
quantification of CSF based proteins. They used these complementary techniques as inputs to a
multi-kernel SVM for classification. For patients with AD the results when combined together a
classification accuracy of 93.2% was achieved, compared to 86.5% for the best individual
biomarkers. This demonstrates that machine learning can be used to make classifications from
multiple data sources.

12. Conclusion

Putative biomarkers are being continually identified for LOAD but diagnostic and therapeutic
advances resulting from these studies have been limited. By utilising the vast amount of knowledge
already available to us we can begin to construct biological profiles of the disease. By examining the
interactions underlying the profile and the influences conferred by one disease susceptibility factor
onto another we can begin to understand mechanisms which govern disease onset and progression.
Applications of novel analysis tools such as machine learning will be increasingly necessary to
process, classify and extract useful information from these varied and voluminous datasets.
Inter-disciplinary collaborations between clinicians, scientists and bioinformaticians must be
strengthened to realise the potential benefits of these approaches.
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