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Abstract

Parkinson’s disease (PD) is an incurable neurodegenerative motor disorder caused by the inex-

orable loss of dopamine neurones from the substantia nigra pars compacta. Cell loss is charac-

terised by the perturbation of multiple physiological processes (including mitochondrial function,

autophagy and dopamine homeostasis) and much of this pathophysiology can be reproduced in

vitro using the mitochondrial toxin MPP+ (1-methyl-4-phenylpyridinium). It was hypothesised

that MPP+ toxicity could be modelled using protein-protein interaction networks (PPIN) in

order to better understand the interplay of systems-level processes that result in eventual cell

death in MPP+ models and PD.

Initially, MPP+ toxicity was characterised in the human, dopamine-producing cell line BE(2)-

M17 and it was confirmed that the neurotoxin resulted in time and dose dependent apoptosis.

A radio-label pulse-chase assay was developed and demonstrated that MPP+-induced decreased

autophagic flux preceded cell death. Autophagic dysfunction was consistent with lysosome

deacidification due to cellular ATP depletion.

Pertinent PPINs were sampled from publically available data using a seedlist of proteins with

validated roles in MPP+ toxicity. These PPINs were subjected to a series of analyses to identify

potential therapeutic targets. Two topological methods based on betweenness centrality were

used to identify target proteins predicted to be critical for the crosstalk between mitochondrial

dysfunction and autophagy in the context of MPP+ toxicity.

Combined knockdown of a subset of target proteins potentiated MPP+ toxicity and the com-

bined resulted in cellular rescue. Neither of these effects was observed following single knock-

down/overexpression confirming the need for multiple interventions. Cellular rescue occurred

via an autophagic mechanism; prominent autophagosomes were formed and it was hypothesised

that these structures allowed for the sequestration of damaged proteins. This thesis demon-

strates the value of PPINs as a model for Parkinson’s disease, from network creation through

target identification to phenotypic benefit.
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Chapter 1

Introduction

1.1 Parkinson’s disease

Parkinson’s disease (PD) is the second most common neurodegenerative disease. The risk of PD

increases with age and a prevalence of approximately 1% is seen globally at age 60 [1], with one

study suggesting a prevalence as high as 4.3% over 85 [2]. The incidence of PD is higher in men

than women for reasons that are not fully understood, but may relate to hormonal differences

[1–3]. As of 2005, there were 4.1 million PD patients globally, a figure expected to rise to 8.7

million by 2030 [4].

The cardinal symptoms of PD are bradykinesia (slowness of movement), postural instability,

resting tremor and rigidity [5]. Non-motor symptoms (olfactory dysfunction, cognitive deficits,

constipation, depression and sleep disorders) may also be present and often precede motor

symptoms [5].

1.1.1 Pathological features

Motor symptoms are caused by the depletion of the neurotransmitter dopamine (DA) from the

striatum. DA has opposing effects on the direct and indirect pathways of the basal ganglia

resulting in the activation of the former and the inhibition of the latter, in PD this balance is

altered leading to the cardinal motor symptoms [6]. DA depletion is a result of the selective

death of DA neurones in the substantia nigra pars compacta (SNpc) [7]. Surviving neurones

are characterised by eosinophilic inclusions known as Lewy bodies (LB) and Lewy neurites

[8]. Lewy inclusions are predominantly made up of the protein α-synuclein [9] and are a key

diagnostic marker of PD. Clinical symptoms are observed when approximately 50% of nigral DA
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A9 neurones and 80% striatal DA are lost [10]. However, the GABAergic neurones of the SNpc

and the DA neurones of the nearby ventral tegmental area (VTA) (A10 neurones) are relatively

spared in PD [11].

Thorough studies of PD neuropathology conducted by Braak et al. resulted in the ‘Braak

hypothesis’ which states that, ‘the neuronal damage does not develop randomly but, rather,

follows a predetermined sequence’ [8, 12]. Braak disease staging divides Lewy pathology into six

stages [8] with the dorsal motor nucleus of the vagus nerve (DMV), olfactory bulb and nucleus

the first affected regions and the disease spreading up the brainstem. Lewy pathology is not

seen in the SNpc until stage 3 and SNpc cell loss/depigmentation are key markers of stage 4. As

PD progresses, Lewy pathology spreads and degeneration in initially affected regions becomes

more severe so that in stage 5 and 6 Lewy pathology is observed in the neocortex, the SNpc is

almost entirely denuded and the olfactory system is characterised by extended Lewy neurites.

It is thought that the early, non-motor symptoms of PD result from extranigral degeneration,

for example the loss of smell as a result of changes to the olfactory system [8, 12] and that

clinical PD is only observed when the disease reaches Braak stage 3 [12]. Although it has been

reported the neurodegeneration precedes LB pathology [13], there is a close correlation between

the regions affected by LB pathology and those where cell loss occurs, suggesting that these

processes are intimately linked [14].

1.2 Causes of Parkinson’s disease

1.2.1 Monogenic mutations causing Parkinson’s disease

A minority (5-10%) of PD cases are familial, caused by inherited monogenic mutations [3, 15,

16]. There are 20 known PARK loci [17], the most common of which are listed in Table 1.1

[3, 15, 16, 18]. These mutations can be divided into those causing dominant and recessive PD.

Broadly speaking, the mutations resulting in dominant familial PD can be linked to autophagy or

vesicle dysfunction and those causing recessive forms of the disease connected to mitochondrial

dysfunction. A more detailed explanation of the roles of the proteins linked to familial PD will

be given throughout the introduction to this thesis. Although there are differences between

sporadic and familial PD, the study of genetic causes has provided insights into the disease

mechanism and models for the investigation of idiopathic PD.
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1.2.2 Genetic variants conferring increased susceptibility to Parkinson’s dis-

ease

Beyond monogenetic mutations, large scale genome wide association studies (GWAS) have iden-

tified an increasing number of polymorphisms which infer increased risk of PD and these data

are collected on the PDgene webpage [30, 31].

Initial studies suffered from low power due to small sample size. However the parallel 2009

studies of Simon-Sanchez et al. (individuals of European descent) and Satake et al. (individuals

of Japanese descent) had sufficient power to detect a number of variations conferring increased

risk [32, 33]. Both studies identified variants in SNCA as conferring increased risk and the Eu-

ropean study was able to replicate results from the Japanese study indicating that variations at

the PARK16 locus and within LRRK2 conferred increased risk (although these results were not

significant following corrections for multiple testing in the European cohort). However, differ-

ences were also identified between the populations with variations at the microtubule associated

protein tau (MAPT ) locus conferring increased risk in only the European cohort and polymor-

phisms in bone marrow stromal cell antigen 1 (BST1 ) associated with PD in just the Japanese

group.

Numerous subsequent GWAS have been conducted and identified additional genetic variants

associated with increased risk of PD, although variations are seen between different ethnic

populations [34]. The largest single cohort is the 23andMe group and a 2011 study of 3426

patients and 29,624 controls was able to replicate 20 previously published genetic associations

and identify two new susceptibility loci [35]. The 23andMe study estimated the heritability of

PD as at least 27%, yet found that only 6-7% of the total genetic risk of developing PD was

accounted for by the identified susceptibility loci. The missing heritability may be due to single

nucleotide polymorphisms (SNPs) with low frequency, SNPs not represented on arrays or SNPs

with low effect sizes which do not reach the stringent significance thresholds required following

corrections for multiple testing [34].

Within recent months, Nalls et al. published a large scale meta-analysis of previous GWAS

including 13,708 cases and 95,282 controls of European descent and nearly eight million SNPs

[31]. Nalls et al.’s study identified 26 SNPs as significantly associated with PD and 24 of the

SNPs were replicated in an independent set, including six new loci (Table 1.2). The authors

generated risk profiles and calculated that the fifth risk quintile has 3.31 times the risk of the

first quintile of developing PD.

Recent studies have looked to explain the heritability of PD beyond SNPs that are individu-
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Nearest gene(s) Odds ratio P value

SNCA 0.76 4.16x10−73

MAPT 0.769 2.37x10−48

TMEM175-GAK-DGKG 0.786 1.02x10−43

GBA-SYT11 1.824 1.37x10−29

MCCC1 0.842 2.14x10−21

STK39 1.214 1.15x10−20

ACMSD-TMEM163 0.875 9.13x10−20

BST1 1.126 9.44x10−18

RAB7L1-NUCKS1 1.122 1.66x10−16

LRRK2 1.155 5.24x10−14

INPP5F 1.624 4.34x10−13

GPNMB 1.110 1.18x10−12

HLA-DQB1 0.826 1.19x10−12

BCKDK-STX1B 1.103 2.43x10−12

CCDC62 1.105 6.02x10−12

RIT2 0.904 7.74x10−12

MIR4697 1.105 9.83x10−12

VPS13C 1.113 1.23x10−11

FAM47E-SCARB2 0.907 2.95x10−11

DDRGK1 1.111 3.04x10−11

GCH1 0.904 5.85x10−11

SIPA1L2 1.131 4.87x10−10

Table 1.2: Nalls et al. study identifies 24 SNPs as significantly associated with PD.
For each SNP the nearest gene, odds ratio and P value for association are given - values are for
the combined (discovery and replication) phase with 19,081 cases and 100,833 controls [31]

ally significant at a GWAS level. Using genome-wide complex trait analysis, Holmans et al.

investigated SNPs which were associated with PD, but were not individually significant, as a

group and thereby explained a larger portion of PD heritability [36]. A pathway based analysis

was used to identify biological functions that were enriched in the genes in which these SNPs

occurred and provided evidence of immune-related genetic susceptibility (beyond SNPs in the

HLA locus) to PD.

In an alternative approach, Hill-Burns et al. performed GWAS on stratified groups of PD

patients (sporadic and familial - defined as patients who have a first or second degree relative with

PD, but without Mendelian inheritance) and illustrated that, although stratification decreased

the power of the study, generating a more homogenous sample group allowed additional loci to be

identified [37]. Such an approach may be fruitful in determining the aetiology of heterogeneous

diseases, such as PD.

GBA mutations and PD

The glucosidase β acid (GBA) gene codes for the lysosomal enzyme glucocerebrosidase (GCase)

and homozygous mutations in GBA result in the lysosomal storage disorder Gaucher’s disease
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[38]. Physicians noticed an increased incidence of parkinsonism in Gaucher’s patients, and their

families, and it has since been shown that heterozygous GBA mutations confer an increased risk

of PD, with a particular prevalence in Ashkenazi Jews [39].

1.2.3 Environmental factors contributing to development of idiopathic Parkin-

son’s disease

The majority of PD cases are idiopathic and environmental factors are thought to be a key

determinant of their development [40].

Prevalence studies have demonstrated that age is a causal factor in the development of PD and

that there is an increased incidence of disease in men [41]. However, smoking and coffee drinking

are protective [42, 43]. Although the mechanism is not clear, it has been suggested that the

decreased complex I activity observed in smokers may contribute to their decreased vulnerability

to PD [44] and caffeine is an inhibitor of adenosine A2A receptors.

Key environmental risk factors for PD include exposure to pesticides which act through complex

I inhibition [45] and traumatic brain injury [46, 47]. There are multiple hypotheses as to how

the latter may lead to PD including: acceleration of disease progression in individuals with

high α-synuclein levels [46], causing temporary disruption to the blood brain barrier allowing

increased exposure to neurotoxins [47], or triggering an acute reaction which initiates a cascade

of neurodegeneration [47].

1.3 Models of Parkinson’s disease

Various experimental models have been developed to explore the aetiology of PD and investigate

potential therapeutics. Broadly speaking, experimental models may be divided into genetic and

neurotoxin models with both in vivo and in vitro systems employed in each category. The

different approaches mirror the known genetic and environmental factors that lead to PD. This

thesis focuses on the screening of molecular targets and in vitro model were considered the most

effective system in which to conduct this work. Below follows a discussion of induced pluripotent

stem cell (iPSC) and neurotoxin models.
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1.3.1 Induced pluripotent stem cell (iPSC) derived neurones

In 2006 Yamanaka and colleagues developed a ground breaking protocol to reprogramme fibrob-

lasts to iPSC, which can differentiate into cells from all three germ layers [48, 49]. In 2008 this

work was extended to generate iPSC from patients with familial diseases, including PD and

Gaucher’s disease [50]. Protocols have subsequently been developed to allow the differentiation

of iPSC to DA neurones, offering unique access to a population of GIRK2 positive A9 neurones

known to be vulnerable in PD [51].

Following the establishment of such protocols, iPSC-derived neurones have been used to in-

vestigate the phenotypes in neuronal cells carrying PD causing mutations with mitochondrial

dysfunction, α-synuclein accumulation, oxidative stress and changes to autophagy observed [52–

59].

Questions have been raised about the utility of iPSC-derived lines in the investigation of idio-

pathic PD, particularly given initial reports of no phenotypic differences between lines derived

from controls and idiopathic PD patients [60]. However the 2012 study of Sanchez-Danes et al.

differentiated iPSC derived from both familial (LRRK2 G2019S) and idiopathic PD patients

[59]. In both sets of cells, decreased neuronal arborisation and accumulation of autophagosomes

were observed following extended culture times; the authors suggested that these changes were

the result of autophagic defects. These results have yet to be reproduced by other groups and

therefore the utility of iPSC-derived lines for modelling sporadic PD is still an issue of contention

[61].

A key advance in the use of iPSC-derived lines has been the correction of genetic mutations

to generate isogenic lines. Such a correction was first reported by Soldner et al. who used

zinc finger nuclease (ZFN) technology to both correct and generate mutations in SNCA [58].

Such an approach was recently put to elegant use in an exploration of lines containing GBA

mutations [57]. Schondorf et al. demonstrated that lines carrying the GBA mutation displayed

α-synuclein accumulation, autophagic and lysosomal defects and that these phenotypes were

reversed following correction of the mutation [57].

Despite the clear utility of iPSC-derived lines, such approaches do have a number of limitations

[62]. The reprogramming protocol can introduce karyotypic abnormalities, point mutations and

copy number variations [63] and therefore careful screening of genetic and phenotypic stability

must be conducted, further increasing the time requirements and costs of the protocol. Further,

there is evidence of clonal variation (for example in protein expression levels) even when lines are

derived from a single individuals [62] which complicates comparisons between lines from different
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individuals. Although reprogramming returns cells to a pluripotent state, there is evidence that

cells have an ‘epigenetic memory’ with cells retaining methylation patterns characteristic of their

somatic tissue of origin undermining their ability to truly model DA neurones [64]. Beyond

the generation of iPSC, current differentiation protocols yield variable and heterogeneous cell

populations [65] which can make it difficult to expose phenotypes only evident in DA neurones

particularly as many differentiation protocols result in yields of DA neurones as low as 10% [62].

Given the limitations of iPSC, as well as the high costs and long time scales required for genera-

tion of DA neurones, it is suggested that iPSC-technology should be used in concert with other

experimental models of PD.

1.3.2 Neurotoxin models of Parkinson’s disease

The three neurotoxins most commonly used in the modelling of PD are 1-methyl-4-phenylpyridinium

(MPP+)/1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP), rotenone and 6-hydroxydopamine

(6-OHDA) all of which have been employed in both in vivo and in vitro systems [66] (Figure

1.1).

Figure 1.1: Neurotoxins commonly used to model Parkinson’s disease. The structure
of dopamine is provided for comparison.

In 1979, MPTP was discovered to cause parkinsonism following accidental exposure in drug

users [67] and MPTP was subsequently shown to induce parkinsonism in mice and non-human

primates [67, 68]. The compound is oxidised by monoamine oxidase B (MAO-B) to form the
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active metabolite MPP+ [69], which is taken up into DA neurones via the dopamine trans-

porter (DAT) [70] where MPP+ acts as a complex I inhibitor [71–73] (For further details of

the mechanism of action of MPP+ see Subsection 3.1.1). MPTP treated non-human primates

and mice exhibit all the cardinal symptoms of PD (tremor, rigidity, bradykinesia and postural

instability) and are responsive to the major drugs used to treat PD including L-DOPA (L-

3,4-dihydroxyphenylalanine) [66, 68]. The remarkable phenocopy is explained by the pattern

of nigrostriatal cell death; non-human primates treated systemically with low doses of MPTP

mimic the pattern of neurone loss observed in PD with profound DA depletion in the SNpc,

caudate nucleus and putamen [74]. Along with the relatively rapid neurone loss, the key dis-

tinction between sporadic PD and MPTP-induced parkinsonism is the lack of LB pathology

[75]. However, some reports indicate that MPTP treated primates and rodents show increased

α-synuclein expression in the SNpc, which precedes cell loss and at later time points increased

α-synuclein immunoreactivity is also observed [76–78]. The active metabolite MPP+ is also used

in vitro, causing mitochondrial dysfunction and subsequent death of DA neurones allowing the

cellular pathways implicated in PD to be investigated. It should be noted that in vitro studies

of MPP+ treatment only inconsistently demonstrate increased α-synuclein expression with some

experiments resulting in unaltered protein levels [79, 80].

Exposure to rotenone, another complex I inhibitor, has been linked to increased risk of PD [45].

Unlike MPP+, rotenone is not specific for DA neurones and is not a DAT substrate, it is a

systemic toxin which enters cell throughout the body. However, rats do display the preferential

loss of DA neurones and a DA related motor phenotype when chronically treated with rotenone,

perhaps due to the vulnerability of DA neurones to mitochondrial stress [81]. A key advantage of

the rotenone rat model is the formation of proteinaceous inclusions that are positive for ubiquitin

and α-synuclein [82]; although this has not been repeated in other animal species [83].

6-OHDA is a DA derivative found in the urine of patients treated with L-DOPA [84]. When

injected directly into the brains of rodents, selective loss of DA neurones is observed and has

been shown to be dependent on the presence of α-synuclein [85]. Like MPP+, 6-OHDA is a

DAT substrate [66]; however, rather than acting as a complex I inhibitor, the deleterious effects

of 6-OHDA are a direct result of reactive oxygen species (ROS) generation [86] and can be

ameliorated by the overexpression (OE) of cellular anti-oxidants [87]. 6-OHDA treated rodents

exhibit a series of motor defects including characteristic circling behaviour [66].

The neurotoxin models each have key advantages and disadvantages: presence or absence of

proteinaceous inclusions, ease and safety of administration, extent of previous characterisation

and effects on bioenergetic function [88]. However, all are unified in being acute rather than
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chronic models of neurodegeneration. MPP+ is viewed as the most appropriate cellular model

due to its extensively investigated mechanism, excellent PD phenocopy in non-human primates,

α-synuclein accumulation and safety of use [66].

1.3.3 Saccharomyces cerevisiae as a model of Parkinson’s disease

An intriguing alternative approach to modelling PD utilising Saccharomyces cerevisiae has been

pioneered by Lindquist and colleagues [89–94]. Initially, it was shown that human α-synuclein

OE led to inclusion formation and dose dependent toxicity in S.cerevisiae [89] and that toxicity

was due to vesicular trafficking defects [90]. Genome-wide expression screens identified genes

whose OE was capable of rescuing α-synuclein toxicity in S.cerevisiae and the OE of the mam-

malian orthologs was shown to be protective in other model organisms [91]. Highlighting the

utility of the S.cerevisiae model, OE of the ortholog of ATP13A2 was shown to be protective

against α-synuclein toxicity - mutations in ATP13A2 lead to recessive juvenile parkinsonism

[91].

The generation of S.cerevisiae lines expressing higher levels of α-synuclein revealed mitochondrial

dysfunction and the generation of ROS as key pathways in α-synuclein toxicity [92]. A chemical

screen identified several small molecules that were able to ameliorate α-synuclein toxicity and

these findings were replicated in a Caenorhabditis elegans disease model and primary rat neuronal

cultures OE mutant α-synuclein or treated with rotenone [92].

In 2013, Tardiff et al. reported that N-aryl benzimidazole (NAB) could reverse α-synuclein

toxicity in S.cerevisiae, C.elegans, primary rat neuronal cultures and human cortical neurones

derived from iPSC [93]. The authors demonstrated that at higher concentrations NAB inhibited

cell growth through the same mechanism of action as α-synuclein toxicity rescue. To identify

the target of the more potent analogue NAB2, the authors screened a large genetic library to

identify genes whose mutation or OE allowed for cell growth following NAB2 treatment. The

resulting hits formed a network of related genes centred on the yeast ortholog of E3 ubiquitin-

protein ligase NEDD4 (NEDD4) and the authors suggest that NAB2 acts via the E3 ligase

NEDD4 to promote vesicle trafficking [93]. NAB2 also decreased nitrosative stress and improved

endoplasmic reticulum (ER) trafficking in iPSC-derived cortical neurones harbouring an A53T

α-synuclein mutation [94].

However, it should be acknowledged that α-synuclein is not endogenously expressed in the

experimental species S.cerevisiae, C.elegans or Drosophila melanogaster which may explain the

toxicity observed and limit the relevance of non-mammalian animal models.
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1.4 Systems-level processes implicated in Parkinson’s disease

Although the causes of PD are unknown, a number of processes have been implicated as linking

genetic and sporadic forms of the disease. This thesis aims to view PD from a systems biology

perspective considering the interplay of multiple factors and biological process in a ‘top down’

approach, which can be contrasted with reductionist paradigms that study problems from the

bottom up - often at the level of a single gene or protein [95, 96].

1.4.1 α-Synuclein

The protein α-synuclein lies at the centre of PD: mutations [19] and multiplications [20] in SNCA

lead to familial PD (Subsection 1.2.1), SNPs within the locus increase an individual’s risk of

PD [31] (Subsection 1.2.2) and α-synuclein is a key component of LB [9] (Subsection 1.1.1).

α-Synuclein has also been linked to neurotoxin-induced parkinsonism as α-synuclein knockout

(KO) mice are resistant to MPTP [97] and exposure to the neurotoxin increases α-synuclein

levels in in vitro systems [98–100].

The synuclein family (α-, β- and γ-synuclein) are conserved across vertebrate species and ex-

pressed at high levels in the brain [101], but the normal function of α-synuclein is not well

understood. α-Synuclein has three domains: an amino terminal lipid binding α-helix, a β-

amyloid binding domain and a carboxy-terminal acidic tail. α-Synuclein may also misfold to

a β-sheet rich form which is prone to assembly of fibrils, aggregates and amyloid plaques. It

has been suggested that aggregation and fibril formation are mediated by ubiquitination [102],

phosphorylation [103], truncation [104] and HDAC6 [100]. α-Synuclein fibrils are able to catal-

yse the formation of aggregates by recruiting otherwise soluble molecules of the protein [105]

and mutant forms of the protein undergo more rapid oligomerisation [106].

It is generally accepted that α-synuclein is natively unfolded [107] and forms an α-helix only upon

binding to lipid membranes [108]. However, the 2011 work of Bartels et al. suggested that α-

synuclein may exist as a native tetramer which resists aggregation and the authors proposed that

the monomer form of α-synuclein was potentially harmful [109]. Evidence for the α-synuclein

tetramer came from protein isolation under non-denaturing conditions, native gel electrophoresis,

in vitro linking, circular dichroism spectroscopy, scanning transmission electron microscopy and

analytical ultra-centrifugation. However, these results have not been reproduced by other groups

and Bartels et. al ’s conclusions have been contested [110]. Burre et al. explored the structure of

purified α-synuclein in solution and unpurified α-synuclein as a component of brain cytosol and
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suggest that the divergent results achieved by Bartels et al. may be due to erthrocyte specific

post translational modifications or multimerisations. Although Burre et al. reproduce Bartels

et al.’s gel filtration results indicating that α-synuclein elutes in a peak with apparent mass of

63 kDa, they suggest that this is more likely to be due to an increased hydrodynamic radius as a

result of the dynamic nature of α-synuclein. Further, although Burre et al. recapitulate the band

of approximately 65 kDa on native gels, this band is retained following boiling, which would

disrupt any tetrameric protein. In contrast to the work of Bartels et al., the circular dichroism

spectroscopy data reported by Burre et al. indicates a protein with no secondary structure except

upon membrane binding. Finally, Burre et al. offer size-exclusion chromatography with multi-

angle laser-light scattering data as evidence that α-synuclein is monomeric. In conclusion, until

the results of Bartels et al. are reproduced by independent groups the concept of α-synuclein

as a physiological tetramer is unlikely to gain traction within the scientific community.

The synuclein family proteins are known to associate with synaptic vesicles and have been linked

to synaptic DA release [111] and this may be due to the synuclein family’s role as chaperones of

the SNAP (Soluble NSF Attachment Protein) Receptor (SNARE) complex [112]. The SNARE

complex mediates synaptic membrane vesicle fusion and synaptobrevin, syntaxin and SNAP-

25 are all key complex members [113]. There is some evidence that α-synuclein may affect

the transport of DAT to the synapse and in in vitro α-synuclein knockdown (KD) studies

DAT transport, cell surface DAT levels and the rate of DA uptake are all decreased [114–116].

However, only subtle changes in neurotransmission are seen in α-synuclein KO mice [101].

Some reports indicate that nigral α-synuclein levels increase with age leading to decreases in TH

(tyrosine hydroxylase) activity and DA levels priming neurones for degeneration [117]. There is

also some evidence of increased α-synuclein messenger RNA (mRNA) and protein levels in the

affected regions of the brains of sporadic PD patients [118]. There are some reports of OE of

α-synuclein leading to neuronal death in in vitro [119] and in vivo [120, 121] models. However,

these results are not consistent with some in vivo α-synuclein OE models displaying non-specific

[122, 123] or non-existent [124, 125] neurodegeneration. Further, many of the modules with

the strongest evidence of ‘PD-like’ pathology require modifications or truncations of native α-

synuclein, limiting their relevance to modelling sporadic PD [126]. Although α-synuclein OE

models based on the TH promoter are widely used, they inevitably fail to reproduce extra-nigral

α-synuclein pathology [126].

The mechanisms of α-synuclein cytotoxicity are not fully understood, but it has been suggested

that it is α-synuclein oligomers rather than LB which are harmful and that LB are formed as

a protective mechanism [119, 127], a hypothesis which is supported by the fact the neurode-
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generation precedes LB formation [13] and cytotoxicity following the application of exogenous

α-synuclein oligomers to SH-SY5Y cells [128]. However, the data are not conclusive and Ko et al.

reported the inducible formation of α-synuclein in a differentiated neuronal cell line with no loss

to cellular viability [129]. Further, the formal possibility remains that it is infact the monomeric

species that is cytotoxic [101]. Hypotheses for α-synuclein toxicity include: disruption of au-

tophagy (Subsection 1.4.2), tau mediated microtubule instability [130, 131] (Subsection 1.4.7),

disruption of ER-Golgi trafficking [90] (Subsection 1.4.7), damage to ER membranes leading

to chronic ER stress [132] (Subsection 1.4.4), mitochondrial fragmentation [133], mitochondrial

accumulation [134] and complex I inhibition [134] (Subsection 1.4.3).

α-Synuclein lies at the centre of the prion hypothesis of PD [14]. In vivo studies demonstrate

that α-synuclein can be transferred from host to grafted cells in mice OE the human form of the

protein [135]. Further, injection of pre-formed α-synuclein fibrils into the brains of wild type

(WT) mice seeds aggregate formation and leads neurodegeneration [136]. The work of Freundt

et al. demonstrated that α-synuclein fibrils can be transported along axons [137] and in recent

months it has been reported that hind-limb intra-muscular injection of α-synuclein fibrils led

to CNS α-synuclein inclusions and a progressive motor phenotype [138]. Further, aggregate

formation was attenuated where the sciatic nerve was severed [138]. α-Synuclein is released

from neuronal cells in exosomes which allow for the spread of the protein between cells [139]

and levels of exosomal α-synuclein in blood plasma are significantly raised in PD patients [140].

Such a theory would also explain the presence of LB pathology in grafted neurones in the brains

of PD patients [141], but is still an area of active research.

1.4.2 Autophagy

Autophagy is the process of cellular self-digestion by which damaged or unwanted organelles

and long lived proteins are recycled. Autophagy may be subdivided into three key classes:

macroautophagy (commonly referred to as autophagy), chaperone mediated autophagy (CMA)

and microautophagy (Figure 1.2). These processes are particularly important in long lived,

post-mitotic, cells such as neurones and autophagy dysfunction has been implicated in neurode-

generation [142].

Regulation of autophagy

Autophagy is controlled by approximately 35 autophagy related (ATG) proteins which are highly

conserved between species. The genes are under the control of the master regulator transcription
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Figure 1.2: Schematic showing the main stages of autophagy. In macroautophagy, a
double-phospholipid-bilayer cup (the phagophore) is formed and engulfs the cargo targeted for
degradation. Once the membrane has closed around the cargo, to form a spherical vesicle, it is
termed an autophagosome. Autophagosomes are formed throughout the cell then transported,
in a dynein dependent fashion, to the microtubule organising centre where they fuse with lyso-
somes to form autophagolyosomes [143]. Autophagosome trafficking is essential for degradation
and where trafficking is impeded aggregates are formed [99, 144]. The lysosome contains the
proteases required for protein degradation and maintains the low pH needed for their function.
Once proteins and organelles have been degraded their constituent amino acids are transported
back into the cytoplasm and reused [145]. CMA facilitates the breakdown of long lived soluble
proteins with a specific pentapeptide motif (KFERQ) and is estimated to be responsible for the
degradation of approximately 30% of cytosolic proteins [146]. The pentapeptide motif is recog-
nised by the chaperone heat shock cognate 70 (HSC70), the protein unfolded and translocated
across the lysosomal membrane via lysosome-associated membrane glycoprotein 2A (LAMP2A).
The final form of autophagy is microautophagy during which the lysosome directly engulfs a
portion of the cytoplasm [145].

factor EB (TFEB) which also controls lysosome biogenesis allowing a coordinated response to

external stimuli [147]. Basal autophagy occurs at all times however, the process is upregulated

under starvation conditions (either a shortage of glucose or amino acids) or in response to growth

factors such as insulin [148].

Under nutrient rich conditions the mTOR (mammalian target of rapamycin) complex 1 (mTORC1)

complex phosphorylates and inactivates the serine/threonine-protein kinase ULK1 (ULK1)-

ATG13- FAK family kinase-interacting protein of 200 kDa (FIP200) complex (ULK1-ATG13-

FIP200 complex), ortholog of the ATG1 complex in yeast. However, several pathways sens-

ing starvation conditions converge on the mTORC1 complex and mTORC1 inhibition leads to

the activation of the ULK1 complex [149]. ULK1 activation results in the activation of the

phosphatidylinositol 3-kinase catalytic subunit type 3 (VPS34)-Beclin1 (mammalian ortholog

of ATG6) complex [149]. VPS34 is a class III PI3 kinase and its activation leads to the syn-

thesis of phosphatidylinositol 3-phosphate, a key component in the autophagosome membrane

[149]. Beclin1 is widely considered to be central to both the regulation of autophagy and the

crosstalk between autophagy and apoptosis [150]. However, Beclin1 independent routes for the

upregulation of autophagy have been investigated [151] of particular relevance, extracellular
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signal-regulated kinase 2 (ERK2) mediated autophagy in response to neurotoxin exposure has

been demonstrated under some experimental conditions [152–154].

In most situations, the formation of the phagophore is mediated by two, highly conserved, con-

jugation systems: the conjugation of ATG12 to ATG5 and the conjugation of ATG8 orthologs

(following their cleavage by ATG4) to the lipid phosphatidylethanolamine [149]. The former re-

action is mediated by ATG7 and ATG10 and the ATG5-ATG12 complex interacts with ATG16L

in a non-covalent manner to form a complex which is essential for phagophore formation; the

latter reaction is mediated by ATG3 and ATG10 [149]. The ATG8 orthologs (LC3 (microtubule-

associated proteins 1A/1B light chain 3) and GABARAP (gamma-aminobutyric acid receptor-

associated protein) subfamilies) act as scaffolds recruiting proteins to the phagophore, allowing

the selective degradation of ubiquitinated proteins and stabilising complexes including the ULK1

complex [155]. It should be noted that the presence of an ATG5/ATG7 independent pathway

for macroautophagy has also been discovered, in which ATG8 ortholog lipidation is also absent

[156]. However, although ATG5/ATG7 independent autophagy has been demonstrated in KO

mice, it is not clear to what extent the pathway is active under physiological conditions.

Autophagy in PD

The Cre recombinase enzyme catalyses recombination between two LoxP sites; a gene sand-

wiched between two LoxP sites is said to be flanked by LoxP (floxed). Mice expressing Cre

recombinase under the control of both general and tissue specific promoters are available, the

nestin promoter allows for specific neuronal expression of Cre recombinase. The cross of a

Atg7flox/flox and a nestin-Cre results in the neuronal expression of Cre-recombinase in mice

with floxed Atg7 and the genes deletion, achieving a neuronal specific Atg7 KO. The neuronal

KO of Atg5 or Atg7 leads to the ablation of autophagy and consequent neurodegeneration in

mice, even in the absence of disease related proteins [157, 158]. Inducible Cre strains are also

available such that Cre recombinase is only expressed (and KO only achieved) upon exposure

to an inducing agent (typically doxycycline, tetracyclin or tamoxifen) this allows the ablation

of autophagy to be achieved after embryonic development.

Further evidence for the role of autophagy in neurodegeneration comes from PD post mortem

brain samples which have increased autophagosomes [7]. There was some debate as to whether

autophagosome accumulation indicated increased autophagy or a blockage in the autophagic

pathway [145]. However, additional data indicate lysosomal dysfunction in the brains of PD

patients [159, 160].
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Further evidence of lysosomal dysfunction in PD comes from the increased risk of PD in individ-

uals either homo- or heterozygous for GBA mutations [161]. Fibroblasts from individuals with

GBA mutations, cells treated with GCase inhibitors, GBA KD or expressing of mutant forms

of the GCase protein exhibit mitochondrial dysfunction, oxidative stress and the accumulation

of α-synuclein offering potential mechanisms for increased PD risk [38, 161, 162]. Gegg et al.

conducted a study of post mortem tissue from sporadic PD patients and those carrying GBA

mutations [163]. The authors reported decreased GCase levels and activity in both groups with

no change in lysosomal number or GBA mRNA. The two groups showed similar α-synuclein

accumulation and LB pathology suggesting that PD pathology follows a similar pathway in

sporadic and heterozygous GBA mutation cases [163]. The authors extended their work to an

in vitro study and demonstrated that α-synuclein OE or PINK1 KD result in decreased GCase

activity and propose that, ‘PD pathology is exacerbated and accelerated, but not necessarily

initiated, by GBA mutations’ [163]. In an alternative approach, a recent study of iPSC-derived

neurones from individuals with GBA mutations highlighted impaired autophagosome/lysosome

fusion and increased α-synuclein levels suggesting that autophagic defects may lead to the in-

creased prevalence of PD among individuals with heterozygous GBA mutations [57].

Providing a further link between autophagy and PD, severe lysosomal defects are seen in patients

with the homozygous ATP13A2 mutation which leads to hereditary parkinsonism [164]. The

protein is also found at decreased levels in the brains of sporadic PD patients [29, 164].

Autophagic degradation of α-synuclein

The central PD protein α-synuclein is degraded via CMA [165] and macroautophagy [166]. In-

triguingly neither mutant α-synuclein nor post-translationally modified forms of the protein can

be broken down by CMA and both mutant and DA-modified α-synuclein block CMA for other

proteins [165, 167]. Inhibition of CMA leads to a subsequent increase in macroautophagy, which

may explain the increased number of autophagosomes observed in the brains of PD patients

[168]. α-Synucelin may also be degraded via the proteasomal pathway; however, there are con-

flicting results as to the effect of proteasomal inhibitors on cellular levels of α-synuclein in vitro

[171].

Decreased levels of the CMA proteins LAMP2A (lysosome-associated membrane glycoprotein)

and HSC70 (chaperone heat shock cognate 70) have been reported in the brains of PD patients

and is thought to be due to an upregulation of the miRNA (micro RNA) supressing their

expression [168, 169]. Decreased CMA may partially explain the increased levels of α-synuclein
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seen in PD. Further, differential levels of CMA have been suggested to underlie the selective

protein aggregation and cell death seen throughout the brain [170]. OE of LAMP2A decreases

α-synuclein levels in both in vitro and in vivo disease models [171].

α-Synuclein monomers and aggregates can also be degraded by macroautophagy [166, 172].

LB in PD patients colocalise with several key autophagy proteins including ubiquitin-binding

protein p62 (P62), ubiquitin and LC3 and it has been suggested that LB may form as the result

of failed autophagic degradation of toxic α-synuclein oligomers [159, 164, 172, 173]. The neuronal

transcription factor myocyte enhancer factor 2D (MEF2D) provides a potential link between the

autophagic degradation of α-synuclein and neuronal cell death. MEF2D is essential for neuronal

survival and is also a CMA substrate [174]. OE of both mutant (A53T) and wild type α-synuclein

resulted in the accumulation of a non-functional form of MEF2D, a decline in overall MEF2D

function and cytotoxicity [174]. An alternative link between the autophagic degradation of α-

synuclein and cell death came from the observation that increased α-synuclein levels inhibited

the earliest stages of autophagosome formation thereby preventing the degradation of other

proteins and organelles [175].

Links between other genes mutated in familial PD and autophagy

There are links between other genes mutated in familial PD and autophagy. Parkin and PINK1

are essential for mitophagy, the breakdown of damaged mitochondria via the autophagic pathway

[176, 177] in response to mitochondrial depolarisation [176–178]. PINK1, in concert with Beclin1

[179], recruits parkin to damaged mitochondria where the ligase ubiquitinates the mitochondria

allowing the organelles to be aggregated and degraded in a P62 dependent fashion [180, 181].

Recent mechanistic investigations into mitophagy indicated that PINK1 phosphorylated both

ubiquitin and parkin, but that the reaction between parkin and ubiquitin was dependent on

ubiquitin and not parkin’s phosphorylation state [182]. It has been hypothesised that inhibition

of the PINK1 and parkin pathway may lead to the build-up of damaged and dysfunctional

mitochondria thereby increasing cellular oxidative stress [176, 178].

LRRK2 also plays a role in regulating autophagy. The protein is found in autophagosomes and

expression of the mutant R1441C form of the protein leads to the inhibition of autophagy and

accumulation of partially degraded autophagic bodies in in vitro PD models [183]. Further,

normal, but not G2019S mutated, LRRK2 is a CMA substrate [56] and iPSC-derived neurones

with G2019S-LRRK2 mutations displayed defects in autophagosome clearance and increased

autophagosome numbers [59]. The work of Plowey et al. demonstrated that the neurite short-
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ening caused by LRRK2 mutations occurred via an autophagic mechanism as neurite retraction

seen upon OE of the G2019S form of LRRK2 was exacerbated by co-treatment with rapamycin

and ameliorated following ATG7 KD [184]. This work illustrated how excessive autophagy, as

well as the blockage of the process, can be harmful [184].

Finally, OE of the neuroprotective protein DJ1 promotes autophagy in both in vivo and in

vitro models of PD via a Beclin1 dependent mechanism [185]. The evidence of links between

autophagy and many of the proteins mutated in familial PD have led to the suggestion that the

autophagy/lysosome pathway unifies familial forms of PD [142, 160].

Neurotoxins and autophagy

Neurotoxins used to model PD also lead to the dysregulation of autophagy with evidence that

MPTP/MPP+ [186, 187], rotenone, paraquat and 6-OHDA treatment all result in the accumula-

tion of autophagosomes [188, 189]. There is debate as to whether autophagosome accumulation

reflects increased autophagy or a blockage in the process [188]. However, these toxins have been

shown to result in lysosomal [159] and trafficking dysfunctions [190] which inhibit autophagic

flux.

1.4.3 Mitochondrial dysfunction

Multiple sources of evidence place mitochondria at the centre of PD aetiology. The mitochondria

are the key site of cellular adenosine diphosphate phosphorylation (ADP) via the tricarboxylic

acid cycle, which occurs in the mitochondrial matrix, and oxidative phosphorylation, which

occurs on the inner mitochondrial membrane [191]. Parkinsonism causing neurotoxins MPP+

and rotenone are complex I inhibitors and lead to cell death downstream of mitochondrial

dysfunction (Subsection 1.3.2). Monogenic mutations in the mitochondrial proteins PINK1 and

parkin disrupt mitophagy and lead to an accumulation of dysfunctional mitochondria (Subsection

1.4.2) [176, 178]. Further, iPSC-derived neurones carrying PINK1 mutations have decreased

complex I activity and a decreased mitochondrial membrane potential [52]. The parkinsonism

inducing ATP13A2 mutation also results in decreased ADP phosphorylation despite increased

oxygen consumption rate - indicating mitochondrial dysfunction [192]. The inability of ATP13A2

mutant fibroblasts to maintain a pool of functional mitochondria is though to be as a result of

lysomal dysfunction and the consequent inhibtion of mitophagy.

Mitochondrial dysfunction is also linked to sporadic PD, with lower complex I activity in the

SNpc [193], skeletal muscles [194] and platelets [195] of patients. Complex I deficiency may
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arise from mutations in mitochondrial DNA and decreased complex I activity is seen in cybrid

lines carrying mitochondria from PD patients [196]. Abundant mitochondrial mutations and

deletions are observed in the SNpc of both aged control and PD patients, however, there is no

significant difference between the two groups [197]. Tissues with a high dependence on oxidative

phosphorylation (such as the brain) have a low tolerance for mitochondrial mutations and this

could partially explain the selective degeneration seen in PD [191]. Mitochondrial mutations

may also lead to decreased expression of mitochondrial genes and mice with a conditional KO

of mitochondrial transcription factor A (TFAM ) in DA neurones showed decreased expression

of mtDNA and exhibited progressive motor defects and loss of DA neurones [198]. MPP+ also

decreases TFAM mediated mitochondrial gene expression [199].

The balance of mitochondrial fission and fusion is essential for mitochondrial health and where

this is disrupted, dystrophin-related protein 1 (DRP1) dependent mitochondrial fragmentation

may occur. Such fragmentation is observed in several genetic models of PD including: G2019S

LRRK2 mutations [200], DJ-1 mutations [201], ATP13A2 mutations [192], α-synuclein OE [133]

and loss of parkin or PINK1 function [202]. MPP+ treatment also results DRP1 dependent in

mitochondrial fragmentation [203, 204]. The observation of mitochondrial fragmentation across

a wide range of PD models implies that fragmentation may be a downstream effect of other

pathogenic processes.

Within neurones, mitochondria are transported away from the cell body to the axonal and

dendritic processes to provide adenosine triphosphate (ATP) required for synaptic activity [191].

The neurones of the SNpc are characterised by their long, unmyelinated axons and DA mouse

neurones exhibit unusually slow mitochondrial transport which is further decreased following

MPP+ treatment [190]. Such slow transport may explain the increased vulnerability of the

terminals of DA neurones to degeneration.

1.4.4 Oxidative stress

Mitochondrial dysfunction leads to the increased generation of ROS (high energy oxygen species

including radicals, peroxides and superoxides) and cellular oxidative stress - the state where ROS

overwhelm antioxidant mechanisms. There is also evidence of increased protein/lipid/DNA

oxidation and nitration in the brains of idiopathic PD patients [205]. There is debate as to

whether oxidative stress is causal or an effect of cell death; however, cybrid lines carrying

mitochondria from PD patients with decreased complex I activity exhibit increased ROS levels

and subsequent α-synuclein oligomerisation [206]. Decreased antioxidant levels are also seen in
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the SNpc of PD patients with diminished glutathione observed early in disease progression [207].

DJ1 provides a link to familial PD, the protein is oxidised under conditions of oxidative stress

and relocalises to the mitochondria, protecting cells [208]. Further support for the role of

oxidative stress in PD comes from neurotoxin models. Complex I inhibition results in ROS

production [209] and glutathione oxidation [210]. Additionally, co-treatment with antioxidants

or [98, 204, 211] OE of cellular antioxidants [212] is protective, demonstrating that ROS produc-

tion (downstream of mitochondrial dysfunction) is required for cell death. 6-OHDA is able to

cause selective neurodegeneration through the generation of ROS in DA neurones, despite not

interacting with complex I [66].

ROS lead to cell death by a number of mechanisms. Perier et al. demonstrated that ROS oxidise

cardiolipin and result in an increased readily releasable pool of cytochrome C - priming cells

for of apoptosis regulator BAX (BAX) mediated cell death [213]. Additionally, ROS lead to

oxidation of lysosomal membranes impeding autophagy [159](Subsection 1.4.2) and damage to

DNA [205].

Cellular iron is a further source of oxidative stress. Iron is accumulated in the SNpc of PD

patients [193] and increased transferrin transcription occurs following MPP+ treatment [98].

Cellular iron leads to the production of hydroxyl radicals via Fenton chemistry [214]; iron influx

is required for cell death [98] and upregulation of α-synuclein expression [215] in MPP+ models.

Oxidative stress is a major cause of ER stress. The ER is the site of protein and lipid synthesis (in

addition to Ca2+ storage) and during ER stress proteins cannot be properly folded and therefore

accumulate [216]. In response to ER stress cells initiate the unfolded protein response (UPR)

a series of processes including: inhibiting protein translation, accelerating protein degradation

and increasing levels of molecular chaperones. Some DA neurones of PD patients (although

not controls) are immunoreactive for UPR markers and these neurones also exhibit α-synuclein

accumulation [217]. In mice OE WT and mutant human α-synuclein, the protein accumulated

in the ER and accumulation was decreased by treatment with the anti-ER stress compound

salubrinal [132].

Beyond environmental toxins and mitochondrial dysfunction, DA and calcium influxes are major

sources of oxidative stress (Subsections 1.4.5 and 1.4.6).
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1.4.5 Dopamine

DA depletion and reduced DA release are hallmarks of PD [10]. DA is synthesised from ty-

rosine which is converted to L-DOPA by TH in a rate limiting reaction; L-DOPA is then

converted to DA by amino acid decarboxylase (AADC) (Figure 1.3). DA is degraded to 3,4-

dihydroxyphenylacetic acid (DOPAC) by MOA in a process generating H2O2 and DA may also

be auto-oxidised to DA quinones [218] which are a key source of oxidative stress. The formation

of quinones and ROS may contribute to the selective vulnerability of DA neurones. Further,

vulnerable A9 neurones are unique in their neuromelanin pigmentation. Neuromelanin is an

auto-oxidation product of DA and may be neuro-protective due to its ability to sequester iron

[219]. However, the release of neuromelanin, upon cell death, activates the surrounding microglia

and can initiate an aggravating inflammatory response [219].

Figure 1.3: Dopamine biosynthesis. Key intermediates and enzymes in dopamine biosynthe-
sis and degradation.

DA exposure alone is neurotoxic in vitro [220] and some reports indicate that DA is required

for α-synuclein toxicity and that α-synuclein potentiates the generation of ROS from DA [119].

It also seems probable that ROS generated following MPP+ treatment partially originate from

the oxidation of DA [221]. DA toxicity is ameliorated by co-treatment with anti-oxidants [222].

To prevent cytotoxicity, DA is sequestered to cytoplasmic vesicles, sequestration is controlled

by vesicular monoamine transporter 2 (VMAT2). Mice expressing decreased levels of VMAT2

display a progressive loss of DA neurones and motor defects [223]. Whereas, mice OE VMAT2

show increased vesicular DA content and synaptic DA release [224]. Further, vesicles extracted

from the brains of PD patients show decreased VMAT2 mediated DA uptake [225].

DA may also potentiate rotenone toxicity [226, 227]. Although depletion of DA using the TH

inhibitor alpha-methyl-p-tyrosine (AMPT) did not affect rotenone vulnerability of PC12 cells.

Dukes et al. found that methamphetamine co-treatment did increase rotenone vulnerability,

indicating a role for DA in rotenone toxicity. In a contrasting approach, Kweon et al.’s study

into the effect of DA on rotenone neurotoxicity utilised two immortalised neuronal cell lines (DA
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MN9D and non-DA MN9X) in a post-mitotic state [227]. The DA cells were shown to be more

vulnerable to rotenone although their vulnerability was not altered by DA depletion. However,

cytotoxicity in the two populations occurred via different mechanisms with the non-DA cells

more affected by oxidative stress and the DA cells displaying decreased ATP and mitochondrial

membrane potential [227].

A key link between α-synuclein and DA comes from α-synuclein’s role in synaptic DA release

(1.4.1). Further, α-synuclein affects DA synthesis through supressing transcription and prevent-

ing the activation of TH and decreasing AADC activity, although not levels [111, 116].

Other proteins mutated in familial PD have been linked to DA release and in a BAC transgenic

LRRK2 mouse model displaying few other phenotypes, increased DA release (compared to WT

mice) was observed following electrical stimulation. The increased DA release was abolished

when mutant (G2019S) LRRK2 was expressed [228].

1.4.6 Calcium influx

Large, poorly buffered influxes of calcium ions may contribute to the selective vulnerability of

the DA neurones of the SNpc [229–231]. All neurones maintain a negative resting potential by

pumping sodium ions out of cells. Typically, when depolarisation reaches a threshold level an

action potential is triggered (sodium channels are opened resulting in a reversal of membrane

potential) and travels down the neurone. This process allows communication between neurones.

An influx of calcium ions is also observed following depolarisation, but calcium channels are slow

to close such that the extent of calcium influx depends on the length of the spike. Cells with

slow autonomous pace-making function (including those of the SNpc) exhibit broad spikes and

therefore large oscillations in calcium concentration [229, 230]. Calcium influx is exacerbated

by the high levels of L type voltage dependent calcium channels (LTCC) (in particular CaV 1.3)

in the DA neurones of the SNpc [229]. Evidence of the importance of calcium influx in PD

comes from a recent study of post mortem brains which demonstrated changes in the subtypes

of calcium channels in a manner that would be predicted to increase calcium flux [232] and

epidemiological studies which demonstrate that individuals treated with LTCC inhibitors have a

decreased risk of PD [233]. Further, iPSC-derived neurones from PD patients with heterozygous

GBA mutations exhibited increased intracellular calcium levels [57].

To maintain a concentration gradient both calcium and sodium ions must be pumped out of

neurones or sequestered in organelles including mitochondria, lysosomes and the ER. Sequestra-

tion is an ATP dependent process and the energy demands for maintaining a calcium gradient
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are particularly high as there is 20,000 fold concentration difference between the cytoplasm and

extra-cellular space [229]. Cells of the SNpc also exhibit low levels of calcium binding proteins

(such as calbindin or parvalbumin) increasing the effective concentration gradient to be main-

tained [229]. In contrast, the VTA, which contains DA neurones relatively spared in PD, has high

levels of calbindin and does not display significant calcium oscillations [229, 231]. Further other

areas of the brain severely affected in PD (including the DMV, locus coeruleus, raphe nuclei and

olfactory bub) are unified by their slow pace-making activity and calcium oscillations [229, 230].

Maintaining a steep calcium concentration gradient, in the face of repeated ion influxes, leads

to a high metabolic demand [234]. High metabolic demands result in a small respiratory reserve

in affected cells leaving them vulnerable to sudden demands for energy [229, 234]. Further,

high metabolic demands lead to higher levels of oxidative stress and increased mutations in

mitochondrial DNA that pre-dispose the cells to death [230, 231].

Beyond its role in creating high metabolic demands, calcium plays an important role in other

cellular processes implicated in PD. It has been suggested that calcium may regulate autophagic

flux [187], contribute to α-synuclein aggregation [235], upregulate AADC activity [231] and that

PINK1 can prevent calcium dysregulation [178, 214].

Calcium has also been linked to neurotoxin models of PD with increased intracellular calcium

levels observed following MPP+ or 6-OHDA treatment in PC12 cells [236]. Calcium influx

is blocked using calcium channel blockers or chelators and, in the case of MPP+ treatment,

neurotoxicity is rescued by the prevention of the calcium influx which is thought to be required

for mitochondrial membrane permeabilisation [236].

1.4.7 Intracellular transport

Intracellular trafficking has been suggested as a unifying systems-level process in PD aetiology

with the proteins α-synuclein and tau particularly implicated [237]. Although PD is not a

tauopathy, MAPT is consistently identified as a susceptibility locus following GWAS (Subsection

1.2.2) with the H1 haplotype conferring increased risk (the H2 haplotype results from a 970

kb inversion [238]). Tau is highly expressed in neurones and stabilises microtubules. The

protein exists as six splice isoforms and the two haplotypes lead to differing ratios of the splice

products [239] with the H1 haplotype favouring isoforms more prone to aggregation [240]. A

key link between tau and α-synuclein comes from reports of tau immunoreactive LB in the

brains of PD patients [241] and the observation of synergistic fibrillisation [242]. Further, α-

synuclein is required for MPP+ induced, GSK-3β (glycogen synthase kinase 3β) mediated tau
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hyperphosphorylation which encourages tau fibrillisation [130, 131].

α-Synuclein is synthesised in the cell body and then axonally transported to the synapses, dis-

turbances to α-synuclein transportation have been suggested as a link between α-synuclein and

tau and as a pathological mechanism in PD [243]. Tau plays a key role in regulating the motor

proteins dynein and kinesin which transport cargo towards the cell centre and periphery, respec-

tively, and the interactions between tau and motor proteins are splice-isoform dependent with

shorter isoforms having a greater effect on both motor proteins [244]. Additionally, decreases

in kinesin levels occur in the early stages of sporadic PD and has been suggested that inhibi-

tion of intracellular transport may lead to the accumulation of α-synuclein in the cell body and

axons where it overwhelms autophagic machinery, eventually leading to LB and Lewy neurites

respectively [243].

Roy et al. have recently reported a D.melanogaster line in which tau and α-synuclein are co-

expressed [245]. The abnormal phenotypes (including neurone loss and motor defects) observed

were more severe when the proteins were co-expressed suggesting that the proteins partake in a

common pathway [245]. The animals exhibited abnormal microtubule organisation and axonal

aggregates (indicating impeded axonal transport) confirming the roles of tau and α-synuclein in

cellular transport and the importance of such transport for cellular viability.

1.4.8 Selective vulnerability of the dopamine neurones of SNpc - a multi-hit

hypothesis for Parkinson’s disease

Many of the processes implicated in PD are systemic, yet the DA neurones of the SNpc are

preferentially lost with the DA neurones of the VTA relatively spared [11] (Section 1.1.1). The

particular vulnerability of the DA neurones of the SNpc is thought to stem from a number of

factors including their highly branched architecture leading to a large surface area, the oxidative

stress induced by the presence of DA (1.4.5) and poorly buffered Ca2+ influxes (1.4.6) [229, 230].

In 2004, Braak et al. noted that neurones affected in PD were characterised by long, thin axons

and lack of myelin sheath leading to high energy demands [12]. More recent quantitative analysis

of the DA neurones of the rat brain suggested that a single DA SNpc neurone had between

100,000 and 200,000 synapses, markedly more than any other type of neurone, and estimated to

be an order of magnitude greater than the DA neurones of the VTA [246]. One estimate placed

the number of synapses of a human DA neurone of the SNpc as high as 1 - 2.4 million with a

total axon length of 4.5 m [246]. Such an enormous, unmyelinated arbor would place cells under

huge bioenergetic demands to maintain cellular transport, protein synthesis and degradation,
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membrane potential and synaptic transmission and Bolam and Pissadaki hypothesised that high

energy demands place the cells in a position of unique vulnerability to any systemic mitochondrial

dysfunction [246].

Driven by the observations that multiple monogenic mutations cause familial PD, Sulzer sug-

gested that PD is the result of ‘multiple hits’ such that the combination of several processes

leads to the death of DA neurones [247]. Sulzer further proposed that such hits could include

changes to protein breakdown or sequestration (including those induced by α-synuclein), the

accumulation of neuromelanin, mitochondrial dysfunction and neuroinflammation [247].

It is suggested that PD is caused by the interplay of multiple systems-level processes, as outlined

above. There are clear interplays between the different processes and the balance of factors

may vary between individuals, perhaps contributing to the heterogeneous nature of PD. Given

such a multifactorial disease a systems biology approach allows for the interactions between

dysfunctions in multiple systems to be modelled and it is suggested that such approaches will

allow a better understanding of PD.

1.5 Current pharmacological Parkinson’s disease treatments

There are currently no treatments capable of curing PD or slowing disease progression and after

over 40 years of clinical use the DA precursor L-DOPA remains the ‘gold-standard’ treatment

[248]. L-DOPA treatment increases DA levels in the brain, relieves motor symptoms and in-

creases life expectancy [249]. However, many patients begin to experience ‘wearing-off’ effects

and prolonged L-DOPA treatment almost inevitably results in dyskinesia which may be a source

of significant disability [248].

L-DOPA is frequently administered in adjunct to MAO-B or catechol-O-methyltransferase (COMT)-

inhibitors such as rasagiline and entacapone [250, 251]. These drugs prevent the degradation of

DA and L-DOPA respectively and therefore increasing levels of the neurotransmitter. Combined

treatment regimens lead to improved patient outcomes when compared to L-DOPA monother-

apy [252]. An alternative adjunct to L-DOPA therapy is carbidopa (a systemic AADC inhibitor)

which prevents the conversion of L-DOPA to DA outside of the brain. DA agonists (such as

apomorphine, bromocriptine or cabergoline) are also used in the treatment of PD [253], these

drugs activate the DA receptor in the absence of DA [254].

Other approaches that have been considered include the use of iron chelators and adenosine A2A

receptor antagonists. Iron levels are increased in the SNpc of PD patients and iron chelators

25



(such as desferrioxamine and deferiprone) are effective in PD models [255]; further drugs com-

bining MAO inhibition and iron chelation have been developed, although these are not currently

approved [256]. Adenosine A2A receptor antagonists, such as caffeine [257], increase the effect of

DA on the DA receptors [258]. Within the last year, the first A2A receptor antagonist istrade-

fylline was granted approval in Japan and a recent meta-analysis indicated that istradefylline

leads to significant improvements in motor function when used in conjunction with L-DOPA

[259].

Given the multifactorial nature of PD there has been significant interest in developing drugs

that are capable of acting at multiple targets [260]. Although such drugs are not currently

in use, molecules combining MAO inhibition and iron chelation [256] or MAO and adenosine

A2A receptor antagonism [261] appear promising in experimental models of PD. More generally,

beyond PD, it has been demonstrated that the proteomic effects of drug combinations can be

predicted from the linear superimposition of single drug treatments supporting the idea that

combinatorial pharmacological treatments may be effective across a range of diseases [262].

1.6 Drug discovery

Traditionally drug discovery has focussed on Ehrlich’s concept of a ‘magic bullet’ whereby a

small molecule could be designed to make a single intervention and cure a disease [263–265].

Recent years have seen major advances in many areas relating to drug discovery: considerably

larger chemical libraries and more rapid synthesis, rapid DNA sequencing, extensive libraries of

3D protein structures, high-throughput screening, transgenic mice and enhanced knowledge of

disease mechanisms [263, 265, 266].

However, there has been a steady fall in the number of drugs approved per (inflation adjusted)

billion dollars spent on research such that, on average, each new drug costs approximately $1.8

billion to develop [267]. Despite an estimated combined annual pharmaceutical R&D expen-

diture of $50 billion only 25 new molecular entities were approved by the US Federal Drug

Authority (FDA) in 2013 [268]. Compounding low approval rates, many new approvals are

drugs for targets which are already targeted by currently marketed drugs, so called ‘me toos’

[263, 268]. Additionally, increased regulatory burden and the larger, multi-centre trials required

have contributed to an average development time of 13.5 years - a substantial period with patents

limited to 20 years [267].

Despite considerable investment only 7% of small molecule drugs progress from candidate selec-
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tion to market, with considerably less success for drugs targeting the CNS [263]. Of particular

concern is the high attrition rate during clinical development (only one in nine molecules enter-

ing clinical trials results in approval), particularly as clinical stages are estimated to represent

63% of the total drug development cost [263]. Considerable savings would be made if inevitably

unsuccessful drugs could be identified earlier [265, 267]. The primary reasons for late stage

failures are poor efficacy and poor safety profiles. Improving the quality of target selection is

one of the most important challenges facing the pharmaceutical industry [263, 265].

Combined, all currently marketed drugs have only a few hundred molecular targets, suggesting

that there is still considerable space for new pharmaceuticals [265] and a number of hypotheses

for the low success rates of pharmaceutical R&D have been proposed [263]. For a new drug

to garner FDA approval it must be demonstrated that the drug is superior to currently avail-

able treatments; therefore, the required standard (in terms of efficacy or side effect profile) for

drug approval in any therapeutic area will always increase. Further, in an effort to improve pa-

tient safety, the risk tolerance of regulatory agencies has consistently decreased such that drugs

historically improved would no longer be considered to have an acceptable risk profile [263].

However, the ideology behind single target drug discovery may be flawed, explaining the poor

efficacy of drugs which have high potency for desired target and the stubbornly low number

of new drug approvals [263, 264, 269, 270]. Further, a focus on the end stage symptoms (e.g.

inflammation) may not fully account for the different molecular pathways leading to similar out-

comes [270]. This thesis aims to convince the reader that networks allow the complex interplay

of factors to be considered and provide a superior system for modelling biology.

1.7 Modelling biological systems as networks

Networks are increasingly used to model complex systems across a diverse range of disciplines

[96] and offer a compromise between extreme reductionism and an overly complicated knowl-

edge of everything [265]. In a biological context, a species is represented by a node and nodes

are connected by edges which represent some relationship between two species [95]. There are

a number of different types of biological networks with nodes and edges representing different

biological species and their interactions [95, 96]. In a gene network each node represents a gene

and an edge may represent correlated expression (for example two genes are simultaneously up

or down regulated following a given external stimulus) or similar or synergistic phenotypes in

KO models [96]. Alternatively, in a metabolic network a node represents a metabolic species

(for example a sugar molecule) and an edge represents that two such species can be intercon-
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verted, normally by an enzymatic process [96]. This thesis focuses on protein-protein interaction

networks (PPIN); in such networks a node represents a protein and an edge signifies that two

proteins can physically interact.

This thesis considers PPIN the most appropriate network model as proteins are the most drug-

gable biological species and the vast majority of currently approved drugs target proteins [271];

this work aims to validate targets that could potentially be used as drug targets. Gene networks

have a powerful role to play in identifying the underlying causes of diseases [96, 272]. However,

this thesis aims to identify points where an intervention might have a positive result, whether

or not the protein was the underlying cause of the disease. This distinction has been described

as that been between etiological and palliative drugs [273], where this thesis, in common with

the majority of currently successful drugs [271], focuses on the latter.

In PPIN, proteins which undergo an interaction have been demonstrated to be involved in

similar cellular functions [274] and a protein’s characteristics may be predicted from those of

its neighbours [275], termed, ‘guilt by association’ [274]. Through the extension of ‘guilt by

association’, networks can be constructed to model biological systems and predictions made

about the underlying organism. Although the human interactome is far from complete and

reported protein protein interactions (PPI) have a high error rate, a considerable amount of

human PPI data has been collected [276].

1.8 Concepts of network pharmacology

Biological networks are robust to single interventions (for a more detailed explanation see Sub-

section 4.1.2) and therefore, any ‘magic bullet’ would be unlikely to be effective. There is

increased acceptance of the idea that multiple interventions will be required to treat complex

diseases and overcome the problems of resistance [263, 270]; either through the combination of

multiple drugs [277] or, despite the inherent challenges, by the design of drugs able to intervene

at multiple targets [260].

Current drugs are known to exhibit a degree of promiscuity (interaction with proteins other than

its target) [264, 265, 269, 273]. Even imatinib mesylate, the prototype specific small molecule

inhibitor, exhibits multiple binding modes [278]. As multi-target approaches have become more

accepted, drugs have been designed to interact at two established sites and it has been suggested

that this property should be screened for during drug development [264]. The most effective

drugs may have relatively weak binding affinity at a number of strategic positions, as opposed
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to the nanomolar potency at a single target that is often a key selection criteria in the screening

of potential drugs [265, 269]. Weaker, multi-target binding has also been proposed as a method

to decrease the problems of drug resistance and toxicity [265]

Network pharmacology states that such strategic targets can be identified through network

analysis and that therapeutics should be designed to have maximum impact on the system as a

whole, rather than at a single site [264, 265]. Network pharmacology could be used to predict

potential side effects, repurpose currently approved drugs for new application or prioritise leads

identified from screening. However, it must be acknowledged that data regarding the molecular

footprint of small molecules is far from complete and only 10-14% of proteins are currently

considered ‘druggable’ [271].

Therefore, this work limits itself to using a network approach to identify proteins whose mod-

ulation can alter a disease state, whether or not they would be druggable; in vitro KD can be

used to specifically delete a node and thereby validate a target. A number of others have used

networks, including PPIN, to suggest potential drug targets [279–283] although there has so far

been little experimental validation of network predictions.

1.9 Aims of thesis

There is an enormous unmet need for treatments for PD, a multifactorial disease with unknown

aetiology. Network pharmacology in general, and PPIN in particular will be investigated as an

avenue for identifying critical proteins in an MPP+ model of the disease. Should such targets

be successfully identified and results replicated in other PD models these proteins could be used

as a starting point for designing multi-target PD drugs. This task will be approached in three

main stages (corresponding to the results chapters of this thesis):

1. Exploration of the MPP+ model in a human, dopaminergic, neuronal cell line to determine

the effect of the neurotoxin on key systems-level processes and optimisation of sensitive

assays.

2. The construction of PPIN to model MPP+ toxicity and the identification of proteins

predicted to be pivotal to neurotoxicity.

3. Testing of in silico predictions in the in vitro disease model.
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Chapter 2

Materials and methods

2.1 Experimental methods

Except where otherwise stated, all reagents were purchased from Sigma.

2.1.1 Cell culture

The human DA neuroblastoma cell line BE(2)-M17 (M17) [284] (ECACC 95011816) and the

mouse fibroblast cell line NIH 3T3 (3T3) [285] (ECACC 93061524) were obtained from the

European collection of cell cultures. M17 cells were cultured in Opti-MEM (OM) (Gibco)

supplemented with 10% v/v foetal bovine serum (FBS), 100 U/ml penicillin and 0.1 mg/ml

streptomycin at 37 ◦C and in 5% CO2. 3T3 cells were cultured in Dulbecco’s modified Eagle

medium (DMEM) (Sigma) supplemented with 10% v/v foetal bovine serum, 4 mM glutamine,

100 U/ml penicillin and 0.1 mg/ml streptomycin at 37 ◦C and in 5% CO2. Cells were not grown

beyond 25 passages and aliquots were stored at -80 ◦C.

Plates were pre-treated with poly-L-lysine (Sigma) and cells were seeded in 6, 12, 24 or 96-well

plates at a seeding density of 1 x 105 cells/mL and grown overnight prior to treatment. Cells were

treated with MPP+ (Sigma), bafilomycin A1 (Abcam), rapamycin (Calbiochem), antimycin A,

AMPT (Sigma) and CCCP (carbonyl cyanide m-chlorophenyl hydrazone) at the concentrations

described for periods from 15 min to 96 h. All solutions were filtered (0.22 µm) prior to use.

2.1.2 Western blot

Cells were washed once with unsupplemented OM and then incubated in western blot (WB) lysis

buffer [50 mM Tris, pH 8.0, 150 mM NaCl, 1 % v/v NP-40, 0.5 % w/v sodium deoxycholate,
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0.1 % w/v sodium dodecyl sulfate (SDS), 1 X protein inhibitor cocktail (Roche)] for 30 min on

ice. The lysate was cleared by centrifugation for 5 min at 1000 g and the supernatant retained.

Protein content was quantified via bicinchoninic acid (BCA) assay (Sigma) in accordance with

the manufacturer’s instructions. Protein samples (20 µg) were boiled in 1 X Laemelli buffer [60

mM Tris pH 6.8, 2% SDS, 10% glycerol, 5% β-mercaptoethanol, 0.01% bromophenol blue] for

5 min. Protein was separated by SDS-polyacrylamide gel electrophoresis (10, 12 or 15% v/v

resolving gel or 4-15% pre-cast gradient gel (Biorad)) and blotted on to a 0.45 µm polyvinylidene

difluoride (PVDF) membrane (Immobolin) using a wet blotting protocol, or via the Trans-Blot-

Turbo system (BioRad), according to manufacturers’ instructions. Blots were blocked in WB

blocking buffer [Tris-Buffered Saline (TBS), 1% v/v Tween-20 , 5% w/v milk] for 2 h at room

temperature (RT) and then probed with primary antibodies diluted in WB blocking buffer

overnight at 4 ◦C (Table 2.1). Following primary antibody incubations, membranes were washed

three times with TBS, (1% v/v Tween-20) and the appropriate goat anti-rabbit or goat anti-

mouse horseradish peroxidase-conjugated secondary antibodies (Bio-Rad) were applied for 1 h

at RT, diluted in WB blocking buffer (1 in 5000 dilution). After washing, chemiluminesence was

produced using Immobilon western chemiluminescent HRP (HorseRadish Peroxidase) substrate

(Millipore). Images were photographed using Chemidoc XRS with images collected every 10 sec

for 15 min and the most appropriate images selected for analysis. The intensity of each band

was measured using gel analysis tool in ImageJ. Expression was normalised to actin levels in the

same blot and expressed relative to untreated cells.

Antibodies were initially validated by comparing the apparent molecular mass of the band

detected (estimated using Spectra Multicolor Broad Range Protein Ladder (Thermoscientific))

and the expected molecular mass of the protein. For proteins modulated, diminished intensity

of band following siRNA mediated KD was used to further validate antibodies.

2.1.3 Assessment of cell viability

Several assays were employed to estimate cellular viability following transfection, MPP+, bafilomycin

A1, antimycin A, AMPT and CCCP treatment. The BioTek synergy HT plate reader was used

to measure absorbance and fluorescence and the Dynex Technologies MLX 96 Well Plate Lumi-

nometer was used to measure luminescence. In all cases, each treatment condition was conducted

in triplicate and values averaged; values for blank well were subtracted. Viability assays were

conducted in 24- or 96-well plates with the exception of cell counts, which were conducted in

12-well plates.
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Protein Antibody type Manufacturer
and product
number

WB con-
centration

ICC con-
centration

α-Synuclein Mouse polyclonal BD Biosciences,
610786

1:500 n/a

β-Actin Rabbit polyclonal Abcam, ab8227 1:2000 n/a
14-3-3ζ Rabbit polyclonal Santa Cruz, sc-

1019
1:100 n/a

Calmodulin Rabbit mono-
clonal

Abcam, ab45689 1:500 n/a

Cleaved caspase-3 Rabbit polyclonal Alexa Fluor 488
conjugate

n/a 1:500

GABARAP Rabbit polyclonal Source Bioscience
Lifesciences,
18723-1-AP

1:1000 1:500

GBRL1 Rabbit polyclonal Source Bioscience
Lifesciences,
11010-1-AP

1:1000 1:500

GBRL2 Rabbit polyclonal Source Bioscience
Lifesciences,
18724-1-AP

1:1000 1:500

LAMP1 Mouse polyclonal Santa Cruz, sc-
20011

1:200 1:200

LAMP2A Rabbit polyclonal Abcam, ab18528 1:1000 1:500
LC3B Rabbit polyclonal Sigma, L7543 1:500 n/a
LC3B Rabbit polyclonal Cell Signaling,

#2775
n/a 1:100

mTOR Mouse mono-
clonal

Cell Signaling,
#4517

1:1000 n/a

Nemo Rabbit polyclonal Abcam, ab137363 1:500 n/a
P53 Rabbit mono-

clonal
Cell Signaling,
#2527

1:500 n/a

P62 Mouse mono-
clonal

Abcam, ab56416 1:2000 1:500

P62 Rabbit mono-
clonal

Abcam, ab109012 n/a 1:500

PPP2R2B Rabbit mono-
clonal

Abcam, ab157461 1:500 n/a

Tom20 Rabbit polyclonal Santa Cruz,
sc11415

n/a 1:1000

Table 2.1: Antibodies used for western blot and immunocytochemistry

Normalisation of data

Neutral red absorbance, TMRM fluorescence, MTT/MTS absorbance, luminescence from the

ATP assay, cell counts and fluorescence from the live cell protease assay are reported as nor-

malised values where 100% is the value achieved in untransfected, non-MPP+ treated cells. This

process ensured consistency between experiments where different aliquots of viability reagents,

different cell densities and different treatment times with viability reagents were used. The nor-

malisation process allowed treatment times with viability reagents (e.g. neutral red solution) to
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be varied to ensure sensitivity at each time point, as cell proliferation resulted in increasing cell

density. Normalisation was performed for each biological repeat and normalised values were then

averaged to give the results and SEM displayed. For experiments conducted over a time course,

normalisation was repeated at each time point. Average, unnormalised control values are given

for each normalised figure as an indication of the raw data values obtained. Image quantification

was normalised such that untreated samples had an intensity of one, no unnormalised values are

reported as these are arbitrary, depending on the exposure selected for quantification. Protein

degradation is reported as an absolute value without normalisation.

MTS

Cell proliferation was measured using Promega Cell Titer 96 AQueous Non-Radioactive Cell Pro-

liferation Assay (MTS ((3-(4,5-dimethylthiazol-2-yl)-5-(3-carboxymethoxyphenyl)-2-(4-sulfophenyl)-

2H-tetrazolium) and electron coupling reagent phenazine methosulfate (PMS)). Following treat-

ment, cells were washed once with OM and then MTS solution was applied according to the

manufacturer’s instructions, using Phenol Red-free OM media (Gibco). Plates were incubated

for a further 2 h and absorbance was measured at 490 nm to assess the extent of MTS to

formazen conversion.

MTT

Alternatively, cell proliferation was measured using Sigma Cell Growth Determination Kit (MTT

(3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium)). Following treatment, cells were washed

once with OM and then MTT solution was applied (stock solution was diluted 10 fold in FBS and

antibiotic supplemented OM), 500 µL was applied to each well of a 24 - well plate or 100 µL to

each well of a 96-well plate. Plates were incubated for a further 2 h, the MTT solution removed,

cells washed once with OM and then lysed with MTT lysis solution (0.1 N HCl in isopropanol

(Sigma), 500 µL in 24-well plate or 100 µL in 96-well plate). Absorbance was measured at 490

nm to assess the extent of MTS to formazen conversion.

Cell counts

Cell counts were used to measure the number of live cells. Cells were viewed under bright-

field microscopy (20 x magnification) using Nikon Eclipse TC2000-U; three representative fields

of view were photographed for each well and images were randomly labelled to ensure blind

counting. A 400x400 pixel region was randomly selected within each image and all live cells
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were manually counted using ImageJ. Only morphologically normal cells (those with intact

processes) were counted as live.

Tetramethylrhodamine (TMRM)

Tetramethylrhodamine (TMRM) fluorescence was used as a marker of membrane potential.

Following treatment, cells were incubated with 150 nM TMRM (Invitrogen) for 5 min and then

washed four times with PBS (phosphate buffered saline). Fluorescence was measured at 544 nm

excitation and 590 nm emission.

Neutral red

Neutral red accumulation was used a marker of acidic lysosomes. Lysosome acidification is ATP

dependent; therefore where cell and lysosome number are content, ATP depletion results in

decreased neutral red accumulation [286]. Cells were treated with 40 µg/L neutral red (Sigma)

for 2 h and then washed with PBS. Destain solution [50% (v/v) ethanol, 1% (v/v) glacial acetic

acid] (500 µL in 24-well plates or 100 µL in 96-well plates) was added to each well and plates

were shaken for 5 min to ensure even mixing. Absorbance was measured at 540 nm.

Cellular ATP

Cell-Titer-Glo Luminescent Cell Viability Assay (Promega) was used to directly measure cellular

ATP levels. The kit contains a luciferin and a luciferase; the luciferin undergoes luciferase

catalysed mono-oxygenation in the presence of ATP, O2 and Mg2+. The luciferase reaction

produces light in amounts proportional to ATP levels. The CellTiter-Glo solution was prepared

according to manufacturer’s instructions and added to treatment media in 96-well plates (100

µL). Plate contents were mixed for 2 min using an orbital shaker and luminescence signal allowed

to stabilise for 10 min at RT before reading.

Protease activity

Following the pairwise KD screen cellular viability was estimated using the CellTiter-Fluor

Cell Viability Assay (Promega) in 96-well plates. Solutions were prepared according to man-

ufacturer’s instructions. The cell permeable GF-AFC substrate undergoes protease mediated

cleavage in live cells to generate a fluorescent molecule and can therefore be used as a measure

of live-cell protease activity. The GF-AFC solution (100 µL) was added to treatment media and
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incubated for 1 h, fluorescence (400 nM excitation, 505 nM emission) was measured as a marker

of live cell protease activity.

2.1.4 Immunocytomchemistry

Coverglasses (13 mm) were sterilised with EtOH in 24-well plates and coated in poly-L-lysine.

Cells were grown in the absence or presence (100 µM) of MPP+, with or without transfections.

Cells were washed once with PBS and then fixed using 4% v/v paraformaldehyde for 10 min

before washing a further two times. Cells were blocked and permeabilised for 3 h at RT in

PBS (10 % goat serum v/v, 0.1% v/v Triton-X 100), then incubated with primary antibodies

overnight at 4 ◦C in PBS (1% v/v goat serum, 0.1% v/v Triton-X 100) (Table 2.1). Cells on

coverglasses were then washed three times with PBS (0.1% v/v Triton-X100) and incubated

with the appropriate 488, 594 or 647 nm fluorophore conjugated rabbit and mouse secondary

antibodies for 1 h at RT, protected from light. Coverglasses were washed once with PBS (0.1%

v/v Triton-X 100) then incubated with DAPI (4’,6-diamidino-2-phenylindole) (1:2000) for 10

min and finally washed again with PBS. Coverglasses were mounted on slides using FluorSave

(Calbiochem) and stored at 4 ◦C protected from light. Cells for caspase-3 activation analysis

following MPP+ treatment were viewed using Nikon Eclipse TC2000-U at (20 x magnification)

and photographed using DAPI and green fluorescence filters. The images were merged and file

names randomised to allow blind counting. The cells used to investigate autophagic processes

following the combined protein OE were imaged using EVOS FL Auto (60 x magnification),

using filters for DAPI, GFP (green fluorescent protein), Tx-Red and Cy5. All images were

merged.

2.1.5 Flow cytometry

Cells were treated with MPP+ in 12-well plates as detailed above. After 48 h cells were washed

with PBS and then incubated with 500 µL of trypsin for 5 min. The trypsin was neutralised with

500 µL of FBS supplemented OM and the cell suspension was transferred to an eppendorf and

pelleted by centrifugation at 2,000 RPM for 5 min. The supernatant was removed and cells were

washed three times with ice cold PBS (500 µL). Cells were resuspended in 100 µL of binding

buffer (Beckman Coulter), and 10 µL of annexin-V-FITC (Beckman Coulter) was added. Cells

were incubated for 30 min on ice, protected from light. A further 400 µL of binding buffer

and 10 µL of 7-aminoactinomycin D (7-AAD) (Beckman Coulter) was then added and the cells

were incubated for a further 30 min on ice, protected from light. A Calibur flow cytometer
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was used to separate the cells and the forward/side scatter plot was used to gate the intact

cell population following consultation with the flow cytometer technician; 10,000 events in this

region were collected.

2.1.6 siRNA (small interfering RNA) transfection

KD was achieved using siRNA (Table 2.2); ScramSN1 was used as a transfection control. Preval-

idated siRNA (Life Technologies) were used with the exception of SNCA for which a sequence

previously designed and validated within the Wade-Martin’s laboratory was utilised [114]. An

initial siRNA concentration of 50 nM and the transfection protocol had been previously opti-

mised within the Wade-Martin’s laboratory to maximise transfection efficiency and KD. Where

this proved ineffective (as assessed by WB), siRNA concentration was increased to 100 nM to

improve KD. KD of at least 52% was achieved for all proteins modulated in this thesis.

Procedures were initially carried out in 12-well plates, but later developed in 24-well plates

with all volumes halved to achieve the same final concentrations. All siRNA transfections were

conducted in an RNase and contamination free environment; RNase Zap (Sigma) was used to

decontaminate all surfaces, equipment and unused pipette tips. Prior to transfection cells were

washed three times with unsupplemented OM, then 700 µL of unsupplemented OM was added

to each well. For each well to be transfected, 3 µL of LF2000 (Invitrogen) was resuspended in

150 µL of OM and incubated for 5 min at RT. Simultaneously, each siRNA was resuspended in

150 µL of OM for 5 min. The siRNA and LF2000 mixtures were subsequently combined and

incubated at RT for 20 min to allow complex formation, 300 µL mixture was then added to

cells in a drop-wise fashion. After 6 h at 37◦C, 300 µL of OM with 30 % v/v FBS was added

to the wells (no antibiotics). Then, 24 h after transfection the media was removed and replaced

with 1 mL of OM supplemented with FBS and antibiotics. KD was assessed by WB 48 h after

transfection. In the experiments where KD was combined with MPP+ exposure, MPP+ was

added 24 h after transfection (approximately 36 h after initial cell seeding). Cell viability assays

were conducted at the stated time points.

Pairwise KD

Pairwise KD were conducted in 96 well plates. Each row and column was assigned a protein so

that the same proteins were targeted along the diagonal. The order of proteins was randomised

between experiments to mitigate any edge effects. Cells were seeded on poly-L-lysine coated

plates as above, and washed prior to transfection. For each well to be transfected, 375 nL
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Gene Protein Conc.
(nM)

Ambion
product
number

Sequence

ScramSN1 n/a 50 AM16106 GAGAAUAGGGAGGAGAACAtt
CALM1 Calmodulin 50 s2340 AGGCAUUCCGAGUCUUUGAtt
CALM2 Calmodulin 50 s2345 CAAAGAAGCUUUUUCACUAtt
CALM3 Calmodulin 50 s2346 AGAUGAUCAGGGAGGCUGAtt
FRAP1 mTOR 100 s603 CAUUCGCAUUCAGUCCAUAtt
GABARAP GABARAP 50 s22362 AGAAGAUCCGAAAGAAAUAtt
IKBKG Nemo 100 s16186 AAACAGGAGGUGAUCGAUAtt
MAP1LC3B LC3B 50 s37748 AUGUCCGACUUAUUCGAGAtt
PPP2R2B PPP2R2B 100 s10971 GGGACUACUUGACCGUCAAtt
SQSTM1 P62 50 s16962 CUUCCGAAUCUACAUUAAAtt
TP53 P53 50 s605 GUAAUCUACUGGGACGGAAtt
YWHAZ 14-3-3ζ 50 s14970 GGAGGGUCGUCUCAAGUAUtt

Table 2.2: siRNA used for protein knockdown. All siRNA were purchased from Life
Technologies.

of LF2000 was resuspended in 15 µL of OM and incubated for 5 min at RT. Each siRNA

was resuspended in 15 µL of OM per well and after 5 min, the siRNA and LF2000 mixtures

were combined and incubated at RT for 20 min. The mixtures were subsequently diluted with

OM to give a total volume of 50 µL per well. In a column-wise fashion, the final wash was

removed from each set of wells and 50 µL of the relevant transfection mix added to each well.

A second transfection mix was then added in a row-wise fashion (50 µL per well) so that each

well contained two different siRNAs in 100 µL of OM (except along the diagonal). After 6h, 30

µL of OM with 30 % v/v FBS was added to the wells (no antibiotics) and from this point the

protocol continued as in Subsection 2.1.6.

2.1.7 Preparation of plasmids

Preparation of Electrocompetent Cells

DH10B E-Coli bacteria were cultured in 1.5 mL of lysogeny broth [10 g/L NaCl, 10 g/L tryptone,

5 g/L yeast extract] at 37 ◦C overnight, shaken at 225 RPM. Cultures were then tipped into

a further 100 mL of lysogeny broth and grown at 37 ◦C until optical density at 600 nm was

between 0.35 and 0.36. Cultures were cooled to 0 ◦C for 40 min and then pelleted at 2400 g, 4

◦C for 15 min. The pellet was washed three times with 100 mL of 10% v/v glycerol, following

each wash the bacteria were pelleted at 4 ◦C and the following speeds for 15 min, 3500 g, 4700

g and 5400 g. After the final wash cells were resuspended in minimal glycerol and split into 50

µL aliquots which were snap frozen before storage at -80 ◦C.
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Electroporation

Prior to electroporation, an aliquot of electrocompetent cells was slowly thawed on ice then 5

µL of DNA was added and the mixture was transferred to a 0.1 cm electroporation cuvette.

Electroporation was conducted using a Gene Pulser Xcell (Bio Rad) at capacitance 35 µFD,

resistance 20 Ω and voltage 1.8 kV. Immediately following electroporation, 450 µL of RT SOC

medium (Invitrogen) was added and the mixture was incubated at 37 ◦C for 1 h. Bacteria were

plated on agar plates with appropriate antibiotics and grown at 37 ◦C overnight.

Miniprep

A single culture was picked and grown in 1.5 mL of lysogeny broth overnight at 37 ◦C with

shaking. The bacteria were pelleted by centrifugation at 2400 g for 10 min. The supernatant

was aspirated and the pellet was resuspended in 70 µL of STET buffer [8% sucrose (w/v), 5%

Triton X 100 (v/v), 50 mM EDTA, 50 mM Tris.Cl (pH 8)]. Bacteria were lysed using 200 µL

of alkaline SDS [1% SDS (w/v), 0.2 M NaOH] solution and then neutralised with 150 µL of 7.5

M ammonium acetate. The neutralised lysate was cooled on ice for 5 min and then centrifuged

at 16,200 g for 20 min at 4 ◦C. The supernatant was mixed with 250 µL of isopropanol and the

DNA pelleted by 8 min centrifugation at 16,200 g. The DNA pellet was washed with 200 µL of

70% v/v ethanol and allowed to air dry. Finally, the DNA was resuspended in TE [10 mM Tris,

1 mM EDTA, pH 8] containing 5 µgml−1 RNase A (Qiagen).

Gel electrophoresis

Agar gels (1% w/v) with 0.004% v/v ethidium bromide were prepared and used with TE buffer.

Plasmid DNA (200-400 ng) was incubated for 3 h at 37 ◦C with 0.2 µL of appropriate restriction

endonucleases (New England Biolabs), 1.5 µL of appropriate 10x buffer (New England Biolabs)

and 0.15 µL of 100x BSA (bovine serum albumin) (New England Biolabs) in a total volume of

15 µL. Following digestion, the products of each reaction were mixed with 7µL sample buffer

[15% (v/v) Ficoll, 0.025% (v/v) xylene cyanol] and the entire volume loaded onto the gels. Gels

were run for 2-6 h at 70 V and visualised using Chemidoc XRS. The molecular weight of each

band was estimated using GeneRuler 1kb Plus DNA Ladder (Thermo Scientific).
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Maxiprep

A maxiprep plasmid purification kit (Qiagen) was utilised to prepare larger amounts of DNA

suitable for transfection. A single colony, whose identity had been confirmed by miniprep and

subsequent digestion, was grown overnight in 250 mL of lysogeny broth at 37 ◦C, shaken at

300 RPM. Bacteria were pelleted by centrifugation at 5000 RPM for 10 min at 4 ◦C. Bacteria

were completely resuspended in 15 mL of Resuspension Buffer + RNaseA. The suspension

was then incubated for 5 min at RT with 15 mL of Lysis Buffer before neutralisation with 15

mL of Neutralisation Buffer. The suspension was mixed before loading onto an equilibrated

NucleoBond Xtra Column and Filter and allowed to empty under gravity. The filter was washed

with 15 mL of Equilibration Buffer and then discarded. The column was then washed with 25

mL of Wash Buffer before elution of the DNA using 15 mL of Elution Buffer. The DNA was

precipitated with 10.5 mL of isopropanol and then pelleted by centrifugation at 14,000 RPM

for 30 min at 4 ◦C. The pellet was washed with 5 mL of 70% v/v ethanol, centrifuged at 14,000

RPM for 30 min (4 ◦C) and allowed to dry at RT. Finally the DNA was resuspended in 300 µL

of TE, DNA concentration was determined by measuring absorbance at 260 and 280 nm using

the Nano Drop ND-1000 Spectrophotometer (Thermo Scientific) and samples stored at -20 ◦C.

2.1.8 DNA transfection

The following plasmids were cloned for transfection: HA-P62 (gift of Qing Zhong, Addgene plas-

mid # 28027), pEGFPc1-GABARAP, pEGFPc1-GBRL1 (GABARAP Like 1) and pEGFPc1-

GBRL2 (GABARAP Like 2) (all gifts of Kunikazu Tanji). Procedures were carried out in 12-well

plates, but later used in 24-well plates with all volumes halved to achieve the same final con-

centrations. Before transfection cells were washed three times with unsupplemented OM then

700 µL of unsupplemented µL of OM was added to each well. For each well to be transfected,

3 µL of LF2000 (Invitrogen) was resuspended in 150 µL of OM and incubated for 5 min at

RT. Simultaneously, for each well to be transfected, 1.5 µg of each plasmid was resuspended in

150 µL of OM and incubated for 5 min at RT. Where combined transfections were utilised, all

plasmids were mixed at this stage. Subsequently, the DNA and LF2000 mixtures were combined

and incubated at RT for 20 min to allow complex formation and 300 µL of the mixture was

added drop-wise to each well of cells. After 6 h at 37 ◦C, 300 µL OM supplemented with 30

% v/v FBS was added to the wells (no antibiotics). Then, 24 h after transfection, the media

was removed and replaced with 1 mL of OM supplemented with FBS and antibiotics. OE was

assessed by WB and fluorescence microscopy 48 h after transfection. Where OE was combined
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with MPP+ exposure, MPP+ was added 24 h after transfection (approximately 36 h after initial

cell seeding). Cell viability assays were conducted at the stated time points.

2.1.9 Preparation of RNA for microarrays

RNA was extracted from control and MPP+ treated cells (100 µM, 24 h, 6-well plates) prior

to microarray analysis using the RNeasy Mini Kit (Qiagen). Cells were washed once with PBS

and lysed directly using Buffer RLT (600 µL per well). The lysate was collected using a rubber

policeman, transferred to an eppendorf and pipetted to mix. The lysate was next transferred to

the QIAshredder spin column, placed in a 2 mL spin column and collection tube and centrifuged

for elution at 13000 g for 2 min. A solution of 70 % RNase free ethanol (600 µL) was added to

the supernatant and pipetted to mix. The sample was transferred to an RNeasy spin column

and placed in a 2 mL collection tube. The column and collection tube were centrifuged at 8000

g for 15 sec and flow-through discarded. A DNA digest was performed as follows: the column

was washed with Buffer RW1 (350 µL) and centrifuged at 8000 g for 15 sec. The column was

then treated with DNase 1 incubation mix [10 µL DNase 1 stock solution, 70 µL Buffer RDD]

for 30 min at RT and finally the column was washed again with Buffer RW1 (350 µL) and

centrifuged at 8000 g for 15 sec. Following DNA digestion, the column was washed with Buffer

RPE (500 µL) and centrifuged at 8000 g for 15 sec and then again with Buffer RPE (500 µL) and

centrifuged at 8000 g for 2 min. The RNeasy spin column was transferred to a new collection

tube and centrifuged at 13,000 g for 1 min. To elute the RNA, the column was placed in a new

spin column and RNase-free water added directly to the membrane and centrifuged at 8000 g

for 1 min. Extracted RNA was stored at -80 ◦C prior to microarray analysis.

All further steps were performed by Dr. Sheen Lee. RNA integrity numbers (RIN) were calcu-

lated to assess the quality of the RNA. Where RIN values were satisfactory, expression analysis

was performed using Affymetrix Human Gene 2.0 ST Arrays. The Probe Logarithmic Intensity

ERror (PLIER) algorithm was used to calculate gene expression using a probe affinity parameter

to correct for differing binding affinities. Expression values for each probe were calculated for

each sample and average fold changes following MPP+ treatment were found. P values were

calculated using a multiple t-test with multiple testing corrections.

2.1.10 Radio-label pulse-chase assay for determination of autophagic flux

These methods were based on the protocol of Gronostajski and Pardee [287] which they used for

3T3 cells and are here also extended to M17 cells. 3T3 and M17 cells were seeded and maintained
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in DMEM and OM respectively and grown in poly-L-lysine coated 6-well plates. The day after

seeding, 5 µL of [14C]-valine(1.85 MBq/mL, 28 MBq/mmol final specific activity) was added to

each well and the cells were cultured for an additional 48 h. Media containing [12C]-valine (1

mM) was prepared to prevent re-incorporation and the cells were maintained for an additional

24 h in the new media. Cells were washed three times with [12C]-valine media and 2 mL of fresh

media added. At this point rapamycin treatment (1 µM) or serum starvation (0.5% FBS) was

initiated. Aliquots of media (200 µL) were collected at 0.25, 0.5, 1, 1.5, 2.5, 4, 6 and 12 h. Media

aliquots were precipitated by addition of ice cold trichloroacetic acid (TCA) (20% (w/v), 200

µL). Samples were centrifuged (10 min) and the supernatant transferred to scintillation vials for

counting. After 12 h all remaining media was removed and cells were lysed using 400 µL NaOH

(100 mM). The lysate was also transferred to scintillation vials for counting. All samples were

counted using the Tri-Carb 2800 TR Liquid Scintillation Analyzer (Perkin Elmer) measuring

counts with energies between 4 and 156 keV over a 5 min period. An estimation of the total

counts released was subsequently calculated for each time point, and the percentage degradation

was calculated based on lysate values.

The pulse-chase protocol was adapted to measure the effect of transfection on protein degrada-

tion. Cells were grown in 24-well plates overnight, then 1 µL [14C]-valine was then added to

each well and cells cultured for a further 48 h. Antibiotic and FBS free media was supplemented

with [12C]-valine (1 mM) and filtered. The [12C]-valine media was used to wash the cells, act as

plating media and prepare transfection solutions as detailed in Subsections 2.1.6 and 2.1.8. OM

supplemented with FBS, antibiotics and [12C]-valine (1 mM) was prepared. Cells were washed

three times and 200 µL of the new media added to each well. After 12 h, all media was collected

and precipitated with ice-cold TCA (200 µL). Cells were lysed with NaOH (200 µL) and both

the media and lysate prepared for counting as detailed above. Counts from media and lysates

were used to calculate protein degradation over the 12 h.

2.1.11 Dopamine high-performance liquid chromatography (HPLC)

High-performance liquid chromatography (HPLC) coupled with electrochemical detection were

used to separate and identify DA and its metabolites using a protocol previously developed

within the laboratory [116]. Cells were cultured on 6-well plates in the absence or presence of

MPP+ and AMPT. Prior to harvesting cells were washed with Hank’s balanced salt solution,

and then lysed using perchloric acid (PCA) (100 mM, 500 µL) before being snap frozen in

brown eppendorfs to protect lysate from light. Samples were stored at -80 ◦C. Immediately

prior to analysis lysates were homogenised using a needle, then 200 µL was loaded into a 0.22
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µm centrifugal filter. The filter was centrifuged at 4000 RPM for 5 min at 4 ◦C and the flow

through retained. Each sample (150 µL) was loaded into a brown sample vial for HPLC analysis.

To allow identification of peaks, 5 pM stock solutions of DA and metabolically related compounds

(noradrenaline, DA, DOPAC, 5’hydroxyindole-3-acetic acid (5-HIAA), homovanillic acid (HVA)

and L-DOPA) were prepared in PCA (100 µM). A combined sample containing all six compounds

( 5 pM, 100 µM PCA) was also prepared. Samples were separated using the mobile phase [13 %

(v/v) methanol, 120 mM NaH2PO4, 800 µM EDTA, 3.2 mM 1-octanesulfonic acid (OSA), pH

3.43] with a flow rate of 1 mL/min and 50 µL injection per sample. Electrochemical peaks were

recorded for 30 min after each sample injection. Standard samples were used to assign retention

times to each metabolite. Lysates were run and peaks assigned based upon retention times.

2.2 Statistical analysis of experimental results

All statistical analysis was performed using GraphPad Prism 6.0. Experimental results were

analysed using a 1 or 2-way analysis of variance (ANOVA) with Dunnett or Sidak multiple

comparison test, two-tailed t-test or linear regression with R2 values calculated. P values of

less than 0.05 following multiple testing corrections were considered statistically significant.

Throughout this thesis mean values are plotted with errors representing the standard error of

the mean (SEM) either side of the mean value [key: * represents P≤0.05, ** represents P≤0.01,

*** represents P≤0.001 and **** represents P≤0.0001]. The standard deviation and SEM of n

values of sample x are defined as:

SDx =

√√√√ 1

n− 1

n∑
i=1

(xi − x̄)2 (2.1)

SEx =
SDx√
n

(2.2)

The Dunnett test was used where each mean was to be compared to a control mean. This test

assumes that each group will have the same variance. The scatter of all groups (not just the

tested groups) are used to give a more precise value for scatter and increase the power of the

test to detect small differences. The Dunnett test can be used to compare groups with equal

or unequal n. The Holm-Sidak method is more general and was used where the means of all

groups were to be compared for all other groups, here the Dunnett test is inappropriate. The

Sidak test does not assume equal variance between groups and has less sensitivity to detect
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small differences than the Dunnett method. The Sidak method is a straightforward test which

considers the sign of the difference between each matched pair of scores with the assumption

that where the null hypothesis is true, the number of positive and negative differences will be

equal. Although this test has more power than a Bonferroni correction, confidence intervals

cannot be calculated.

Statistical analysis of microarray data was performed by Dr. Sheena Lee using a moderated

t-test and multiple testing corrections.

2.3 Network methods

2.3.1 Online resources utilised

iRefIndex

iRefIndex is a consolidated PPI database that was used throughout this thesis. A more extensive

discussion of the creation and advantages of iRefIndex is given in Subsection 4.1.4. iRefIndex

[288] was downloaded on 19th July 2012, the non-human interactions were removed and an ID

conversion table was created using iRefR [289, 290] to provide the key dataset used throughout

this thesis. Datasets containing only experimental (excluding OPHID data) and only low-

throughput results were constructed. Low-throughput was defined as interactions where the

lowest pubmed re-use (LPR) value was under 10. Each MITAB table was converted to an edge

list and then a graph. For each of the datasets four graphs were constructed: binary, bipartite,

spoke and matrix.

DAPPLE

Disease Association Protein-Protein Link Evaluator (DAPPLE) was used identify significant

connectivity within a PPIN generated from the MPP+ seedlist [291]. DAPPLE utilises the In-

Web database containing 169,810 high confidence, pair wise interactions between 12,793 human

proteins [292] and has previously been validated in the contexts of rheumatoid arthritis and

Crohn’s disease [291] and autism spectrum disorders (ASD) [293]. The creators of DAPPLE

generated a background population of 50,000 random networks (constructed via a within-degree

node-label permutation with an additional switching step for nodes with a unique degree) to

assess statistical significance of network connectivity values. For this thesis, a PPIN was con-

structed to include all direct interactions between the seeds (proteins were converted to gene ID
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before entry into the web interface) and then common interactors (proteins interacting with two

or more seeds) were included to form an indirect network. Four metrics were calculated for the

resulting PPIN: the total number of edges in the direct network, the degree of each seed in the

direct and indirect networks and the degree of common interactors in the indirect network (note

that edges between common interactors are not included). Mean and individual values were

calculated for node metrics. The mean values are reported along with expected values gener-

ated from 10,000 random permutations, and P values were calculated based on the background

population. P values for each individual common interactor and seed were also calculated. For

those seeds appearing in both the direct and in-direct network, two P values for connectivity

were calculated and a Bonferroni correction performed for the two tests and the smaller P value

selected. All node P values were then Bonferroni corrected to allow for multiple testing across

the PPIN. Corrected P values of less than 0.05 were considered statistically significant.

Uniprot

Uniprot provides a comprehensive, cross referenced, knowledge-base of all known proteins [294].

Information available for each entry includes: alternative protein names, name of corresponding

gene, protein function, protein sequence, subcellular localisation of the protein, protein tissue

specificity, any known involvement in diseases, ontologies of protein and corresponding gene,

and binary PPI. Uniprot was used to interconvert protein names and IDs as well as to collect

information about proteins identified through PPIN analysis.

Kyoto Encyclopaedia of Genes and Genomes (KEGG)

Kyoto Encyclopaedia of Genes and Genomes (KEGG) is a series of hand curated diagrams illus-

trating the key processes and species implicated in metabolism, genetic information processing,

environmental information processing, cellular processes, organismal systems and human dis-

eases (including PD) [295]. Genes whose mutations are known to lead to familial diseases are

highlighted and the pathways are linked so that the user can identify all pathways in which a

species is involved. KEGG pathways were used as a reference source in generating seed lists.

Online Mendelian Inheritance in Man (OMIM)

The Online Mendelian Inheritance in Man (OMIM) database provides a comprehensive list of

genes involved in human diseases including mutations that result in heritable cases and SNPs

that increase susceptibility [296]. Each entry includes information in some or all of the following
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categories: gene structure and function, clinical features, pathologic findings, mapping, genetics,

modifier genes and animal models. The OMIM database was used as a reference source in

generating seed lists.

GO annotations

GO annotations provide a controlled, unified language to describe genes and proteins in eukary-

otic organisms [297]. Annotations are divided into three categories: biological process, molecular

function and cellular component. Each descriptor is hierarchical such that a gene may be de-

scribed by a very general term and, in addition, a more specific term from the same family. The

Uniprot web interface was used to export the GO annotations [297] for each node in the 1-hop

and shortest-path experimental binary PPIN

DAVID

The Database for Annotation, Visualization and Integrated Discovery (DAVID) [298] was used

to detect GO annotational enrichment within groups of proteins. DAVID has been widely used

to detect functional enrichment within groups of genes or proteins in the context of network

analysis [299–302]. Within this thesis, lists of community members were exported from R. The

Uniprot protein ID were entered into the DAVID web interface and converted to Entrez Gene ID.

The resulting gene list was input into the annotation enrichment tool (with all the nodes in the

relevant PPIN used as the background population) and genes were mapped to GO identifiers.

The percentage of genes within the input group (community) with each GO annotation was

found and a fold enrichment (compared to the background population) was calculated. P values

were calculated using a modified Fisher’s exact test (EASE score) for each GO annotation, and

were Bonferroni corrected for multiple comparisons, P values of less than 0.05 were considered

to indicate statistically significant annotational enrichment.

2.3.2 Seed selection

Putative seeds were collected by accumulating data from the OMIM database [17], KEGG

pathways [295], PDGene [31], published experimental microarray analyses following neurotoxins

[303–308] and a thorough review of the PD literature. The key criteria for inclusion as a

seed was that the protein had been independently and experimentally, demonstrated to be

involved in MPP+ or MPTP pathology. The criteria were assessed by conducting a PubMed

search with the criteria: ‘seed’ AND ‘MPP+’ OR ‘MPTP’. The resulting publications were
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reviewed to determine whether they did indeed offer experimental validation. All seeds on the

resulting seedlist were screened using Cytoscape and the BisoGenet plugin and those with a

human protein-protein interaction degree exceeding 100 were excluded. The role of all potential

seeds was also investigated by literature review and those documented to be involved in the

latter stages of cell death, e.g. the caspases were excluded. Based on Uniprot entries [294],

gene ontology (GO) annotations and literature reviews each protein was assigned to one of six

categories. The categories contain systems-level biological processes known to be involved in

MPP+ and PD pathology: apoptosis, autophagy, DA homeostasis, mitochondrial dysfunction,

oxidative stress and the synuclein family. The protein seeds were converted to uniprot ID and

the list imported into R where uniprot ID were converted to ROGID (redundant object group

identifier) using the conversion table generated above (Subsection 2.3.1).

2.3.3 Sampling

The sampling of networks to create relevant, and computationally tractable, subgraphs is a

technique which has been widely applied across biological systems. Typically a network is

‘grown’ from a predefined list of seeds [283, 293, 299–301, 309–314]. In PPIN, sampling relies

on the increased likelihood of interaction between proteins with common functions, ‘guilt by

association’ [95, 274]. In Chapter 4 1-hop [315] and shortest path sampling [309, 310, 316] were

utilised; these techniques have previously been used to create disease-related networks [309, 314].

The MPP+ seedlist was used to sample each of the 12 data sets (all data, all experimental

data and all low-throughput data with binary, bipartite, spoke and matrix representations of

interactions between more than two proteins) using both 1-hop (snowball) and shortest path

sampling approaches. Under the 1-hop sampling approach each seed and all of its neighbours

were included in the sampled graph, and all edges between these nodes (including cross links

between two non-seed species) were also included. In the shortest-path approach, the shortest-

path between each possible pair of seeds (861 combinations) was found and all nodes on the

path were included in the induced subgraph. In cases of multiple shortest-paths between two

seeds, all of the nodes on all of the shortest paths were included. All edges between the selected

nodes were included, again including all cross links between two non-seed proteins. Where seeds

were not connected to the main network they were excluded from the resultant sampled graph.
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2.3.4 Network characterisation

The iRefR and igraph packages were used within R [317] to characterise PPIN. The total number

of nodes and edges, density, network transitivity, average shortest path length, network diameter

and average node degree were calculated for each PPIN. It should be noted that all networks

were connected. The betweenness centrality (BC) of all nodes was calculated, nodes ranked and

the top 10 nodes identified for sampled networks. Node ID were converted to ROGID and then

to Uniprot ID (using the conversation table generated above). The Uniprot web interface was

used to find protein names for Uniprot ID identified.

The igraph spin-glass community detection function (γ=1) was used to determine communities

and all nodes were labelled with their membership.

For visualisation, graph files were exported in gml format and imported to Gephi [318]. Node

BC were recalculated in Gephi and used to size nodes as appropriate. Nodes were coloured

according to community membership as exported from R. All graph layouts were determined by

the Gephi force atlas algorithm. Node labelling was performed manually.

2.3.5 Steiner analysis

A minimum spanning tree connects a set of seeds using the minimum total path length, resulting

in a subgraph containing all of the seeds (where they can be connected) and a subset of the

original network edges [299, 319]. Steiner trees are an extension of minimum spanning trees

[320]. In addition to the seeds supplied by the user, additional nodes (Steiner nodes) may be

included to minimise total path length. Where only two seeds are used, the Steiner tree is

simply the shortest path and where all network nodes are included in the seedlist, the Steiner

tree is the minimal spanning tree with all nodes used as seeds [320]. The Steiner tree problem is

computationally expensive; however, Dreyfus and Wagner developed an efficient algorithm for

its approximate solution [321]. Their approach utilises the decomposition of the seedlist into a

series of smaller sets of seeds and solving the Steiner problem for each subset. Only optimal

solutions to the subsets are retained such that non-optimal solutions are only considered once

[321]. In an extension of Steiner analysis, nodes may be weighted and the total weight of the

Steiner tree minimised [309]; algorithms for the approximate solution of such problems have

also been developed [320, 322, 323] and the software tool Steiner Package [320] has been made

available.

The PPIN formed by 1-hop and shortest-path sampling of the experimental binary dataset
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were exported as edgelists. Systems-level processes were defined using the respective MPP+

seedlists (Tables 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7) and these nodes acted as the terminals for

Steiner analysis. The user supplied inputs for the Steiner analysis were the relevant edge lists,

terminals and (where appropriate) weighting factors for all nodes. The Steiner Package then

generated a list of Steiner nodes which linked the user-supplied terminals with a minimum total

path length and minimum total weighting, where weighting factors were included. Edge lists

for the Steiner networks were also generated and used to draw networks in Gephi. Node degree

and BC were used as weighting factors for some analyses. Once the Steiner network’s nodes had

been identified (supplied nodes plus Steiner nodes) all edges between these nodes were included.

2.3.6 Betweenness centrality based analysis

Definition of betweenness centrality

The betweenness cetrality (BC) is a measure of a node’s importance in the transmission of

information across a network. BC is defined as the proportion of all shortest paths across a

network which any single node appears in:

BC(v) =
∑
a6=b6=v
a,b,v∈V

γab(v)

γab
(2.3)

Where V is the set of nodes in the network, γab(v) is the number of shortest paths between

nodes a and b that pass through node i and γab is the total number of shortest paths between

nodes a and b.

Bridging centrality

Hwang et al. identify bridging nodes as rate limiting points within the network and they suggest

that such nodes in PPIN are potential drug targets [324]. The bridging centrality (CR) for each

node within the experimental binary PPIN formed by shortest-path and 1-hop sampling was

calculated in R according to the equation described by Hwang et al. [324]. The CR is defined

as the product of a node’s BC and its bridging coefficient (CB):

CR(v) = BC(v)× CB(v) (2.4)

CB(v) =
d(v)−1∑
i∈Nv

1
d(i)

(2.5)
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Where d(v) is the degree of node v and N(v) is the set of neighbours of node v. Nodes were

ranked according to bridging centrality and the top node ID were converted to protein names.

The cut off for top bridging centrality nodes was defined as 200 for the 1-hop network, and 90

for the shortest-path network, to give approximately 20 proteins for each.

Subgraph analysis

Subgraph analysis identified proteins with a particularly high BC when the union of two smaller

subgraphs was formed. Two subgraphs were created using shortest-path sampling on the exper-

imental, binary PPIN with either the autophagy or mitochondrial dysfunction seeds (Tables 4.3

and 4.5). Ubiquitin was deleted and the BCs of each protein in each of the subgraphs and the

union graph were calculated . In order to measure the importance of proteins in the cross-talk

between mitochondrial dysfunction and autophagy the ∆BC was calculated. ∆BC was defined

as follows:

∆BC = BCTotal −BCAuto −BCMito (2.6)

Where BCAuto is the BC of each node in the autophagy subgraph, BCMito is the BC of each

node in the mitochondrial subgraph and BCTotal is the BC of each node in the union graph.

More generally the ∆BC of node v can be expressed as:

∆BC(v) = BCA∪B(v)− (BCA(v) +BCB(v)) (2.7)

Each subgraph and the union graph were visualised in Gephi and networks were manually

annotated with the names of the highest centrality proteins.

Selective betweenness centrality analysis

The selective BC aimed to identify nodes which were important in connecting the proteins

associated with autophagy and mitochondrial dysfunction in the MPP+ PPIN as a whole, in

contrast to the subgraph analysis (2.3.6), which considered the relationships between the smaller

subgraphs corresponding to particular biological processes.

Under the selective BC only the shortest paths between pairs of a particular subset of the

networks nodes (i.e. a, b ⊂ V) were considered to contribute to BC. Subsets were determined

by the GO annotations for example, autophagy, such that only shortest paths between pairs

of nodes with the GO annotation autophagy were considered to contribute towards node v’s

selective BC. More generally:
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SelectiveBC(v) =
∑
a6=b6=v
v∈V
a,b⊂V

γab(v)

γab
(2.8)

The selective BC of all nodes in the two PPIN following the removal of ubiquitin was calculated.

a, b were sequentially defined as the:

1. Mitochondrial proteins.

2. Autophagy proteins.

3. MPP+ proteins.

4. The combined list of mitochondrial and autophagy proteins.

GO annotations relating to mitochondrial dysfunction, autophagy and MPP+ toxicity were

defined (Table 2.3). The nodes within each PPIN which corresponded to each set of GO anno-

tations were manually identified to generate three protein lists for each PPIN: mitochondrial,

autophagy and MPP+ related. The lists of Uniprot ID were then imported into R.

The selective BC∆ was calculated as the difference between selective BCmito∪auto and the sum

of selective BCmito and selective BCauto. Values were normalised to the top scoring node for

each metric and ‘top hits’ were defined as those with a selective BC value exceeding 30%.

2.3.7 Comparison of network results

A number of BC comparisons were formed:

1. Total BC before and after removal of ubiquitin from PPIN.

2. Total BC vs selective BC metric.

3. ∆BC values from subgraph analysis vs selective BC∆.

The different values for each node within the two PPIN were collected and exported to GraphPad

Prism where x, y scatter plots were drawn, linear regression performed and R2 values calculated

to assess correlation.
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Cellular Process GO annotation

Mitochondria
Mitochondrion organization GO0007005
Mitochondrial inner membrane GO0005743
Mitochondrial outer membrane GO0005741
Mitochondrion GO0005739

Autophagy
Autophagy GO0006914
Regulation of autophagy GO0010506
Autophagic vacuole assembly GO0000045
Atg8 ligase activity GO0019776
Atg12 ligase activity GO0019777
Negative regulation of macroautophagy GO0016242
Positive regulation of macroautophagy GO0016239
Negative regulation of autophagy GO0010507
Positive regulation of autophagy GO0010508

Processes involved in MPP+ pathology
Mitochondrial fragmentation involved in apoptotic processes GO0043653
Mitochondrion morphogenesis GO0070584
Release of cytochrome C from mitochondria GO0001836
Apoptotic mitochondrial changes GO0008637
Regulation of release of cytochrome C from mitochondria GO0090199
Mitochondrion degradation GO0000422
Regulation of reactive oxygen species metabolic process GO2000377
Mitochondrial fusion GO0008053
Mitochondrial fission GO0000266
Regulation of mitochondrial membrane potential GO0051881

Table 2.3: The GO annotations used to select nodes for selective BC calculation.
Proteins with mitochondrial or autophagy annotations were used to define these processes.
MPP+ pathology was defined using a list of annotations which included many of the key aspects
of neurotoxicity.

51



Chapter 3

The MPP+ model of PD in the

BE(2)-M17 cell line

3.1 Introduction

As discussed in Chapter 1 the in vitro MPP+ model of PD is viewed as the most appropriate

for this thesis due to its excellent phenocopy of PD, well studied mechanism, ease of use and

reproducibility of results. Below a more mechanistic description of the current understanding of

the MPP+ model is outlined focussing on cell death and the neurotoxin’s effect on autophagy.

3.1.1 MPP+ induced cell death

MPTP is able to cross the blood brain barrier where it is metabolised to MPP+ by MAO-B

within glial cells [69]. MPP+ is not able to cross the blood brain barrier and therefore poses fewer

risks in a laboratory environment. MPP+ is taken up by DAT which accounts for selectivity for

DA neurones [70].

Within cells, MPP+ may be sequestered in synaptosomal vesicles by VMAT2, in a manner anal-

ogous to DA. DA sequestration is protective and it is thought that the ratio of DAT to VMAT2

expression predicts neuronal vulnerability to MPP+ [325]. MPP+ is actively transported into

the mitochondria where it reaches high concentrations and blocks NADH oxidation at complex

I [71–73]. Inhibition of the electron transport chain (ETC) leads to ATP depletion, a switch to

glycolysis and consequent increase in lactate concentration [79, 88]. MPP+ induced complex I

inhibition also results in the generation of ROS [98, 190, 209]. ROS result in cellular oxidative

stress characterised by oxidation of protein, lipids and DNA [98, 209, 213] and reminiscent of
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that observed in the brains of PD patients. ROS are essential for MPP+ induced cell death and

antioxidants rescue MPP+ cytotoxicity downstream of complex I inhibition [98, 204, 211].

In most experimental models MPP+ induces cell death via an apoptotic mechanism. Nuclear

condensation/fragmentation and caspase-3 cleavage occur downstream of mitochondrial damage

[98, 209, 326] and caspase inhibitors protect against cell death [327, 328]. However, in some

instances, necrotic cell death and caspase independent apoptosis have been demonstrated [190,

329, 330]. The discordance between these cell death mechanisms has not been fully explained,

but may be due to different experimental models or variation in MPP+ dosage regimes, in

general higher doses appear to be associated with increased necrotic cell death.

Typical MPP+ induced cell death is characterised by the upregulation of BAX, its translocation

to the mitochondria, permeabilisation of the outer mitochondrial membrane and consequent re-

lease of cytochrome C or apoptosis inducing factor (AIF) [328, 331]. Bax KO mice are protected

from MPTP induced neurodegeneration and BAX KD abrogates MPP+ induced cytotoxicity in

vitro [331]. Apoptosis regulator BCL-2 (BCL2) inhibits BAX mediated apoptosis, OE mice and

cell lines are protected from MPTP induced cell death [332].

The mechanism by which MPP+ results in BAX upregulation and translocation is a matter

of debate but the process is thought to occur via ROS and downstream of complex I blockade

[333]. Perier et al. suggested that the DNA damage caused by ROS resulted in activation of

P53 and JNK causing upregulation and mitochondrial translocation of BAX, respectively [328].

ROS also cause peroxidation of cardiolipin, disrupting the binding of cytochrome C to the inner

mitochondrial membrane and increasing the pool of readily releasable cytochrome C priming

cells for BAX mediated apoptosis [213].

ROS led to further mitochondrial damage characterised by DRP1 dependent fragmentation,

loss of motility and loss of membrane potential [190, 203, 204, 209]. This mitochondrial damage

leads to further ROS production resulting in a vicious cycle of oxidative stress and mitochondrial

dysfunction [204].

Increased levels of α-synuclein have been widely demonstrated following MPP+ exposure [98–

100]. Increased expression occurs downstream of ROS production and increased transcript levels

indicate an increase in expression rather than only decreased protein breakdown [215]. This α-

synuclein upregulation is mediated by the ERK pathway and Kalivendi et al. showed that

MPP+ exposure leads to alternative splicing leading to a shorter form of α-synuclein which has

an increased propensity to aggregate [334]. α-Synuclein KD is protective against MPP+ induced

cell death and this occurs through reduced DAT mediated uptake [115] and diminished nNOS
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(neuronal nitric oxide synthase) activity [79].

Kalyanaraman and colleagues have conducted an extensive investigation into the role of in-

tracellular iron in MPP+ induced toxicity [98, 215, 334, 335]. They demonstrated transfer-

rin dependent iron accumulation downstream of ROS production, but upstream of α-synuclein

accumulation and cell death [98]. Further, iron influx resulted in decreased levels of tetrahy-

drobiopterin leading to decreased levels of the nNOS dimer and increased ROS production,

exacerbating the oxidative stress induced by MPP+ exposure [335].

3.1.2 Cellular models

BE(2)-M17 (M17) is a human, DA producing, neuroblastoma cell line [284]. Other commonly

used neuronal cell lines include PC12, SH-SY5Y and MN9D. However, the M17 line offers the

key advantages of being both human derived and DA producing [116], it has been suggested

that DA may play a contributory role in cell death in PD and PD models [220]. Previous work

in the laboratory demonstrated that M17 cells express TH, AADC, VMAT and the A9 marker

GIRK2 in addition to DA [116]. The M17 cell line has been used by this laboratory, and others, to

investigate PD related pathways and MPP+ vulnerability [79, 111, 116, 220, 336, 337]. However,

MPP+ induced processes have not been as thoroughly characterised as in alternative cell lines.

The key disadvantage of the M17 line is its resistance to retinoic acid induced differentiation

[338].

3.1.3 Microarray data

In principle, for microarray analysis cellular mRNA is extracted, the mRNA reverse transcribed

to cDNA and fluorescently labelled. The microarray contains probes for both coding and non-

coding mRNA and through complementary binding, levels of cDNA can be measured [339].

Microarray analysis has been used to investigate differential gene expression following MPP+

exposure in mice [303], SH-SY5Y cells [304], Neuro-2a cells [305], PC12 cells [306] and MN9D

cells [307] as well as autopsy samples from PD patients [308]. However, previous investigations

have produced somewhat divergent results and there has been no such study in M17 cells.

cDNA microarray analysis in SH-SY5Y identified 48 genes with a twofold, or greater, change

in expression following MPP+ treatment [304]. Half of these genes belonged to one of three

categories: transcription proteins, cell cycle proteins or kinase activators/inhibitors. However,

only three of the results were confirmed by real-time polymerase chain reaction (GADD153, Myc

proto-oncogene and RNA binding protein 3), with the other genes not tested or no significant
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difference found. Although the differentially expressed genes were specific to MPP+ exposure,

they were not consistent following retinoic acid induced differentiation.

Illustrating the variability in expression analysis results, Miller et al. investigated altered gene

expression in MPTP treated mice using two time points, two array platforms and three data

mining methods [303]. The authors reported divergent results depending on the technology and

time point used; 24 h after MPTP lesion 138 genes were identified as differentially expressed

using Affymetrix Arrays and 425 using Amersham CodeLink plates, but only 11 of the genes were

common between the two arrays. However, a list of 19 genes whose expression was consistently

altered across both arrays was generated. The authors also identified changes across groups of

genes corresponding to cytoskeletal stability and maintenance, synaptic integrity, cell cycle and

apoptosis.

Elstner et al. demonstrated better overlap between microarray studies when pathways, as op-

posed to genes were compared [308]. The authors used laser capture microdissection to isolate

individual DA neurones from the SNpc of PD patients, and avoid contamination with glial cells.

Over 1000 transcripts whose expression was significantly changed in PD patients were identified

and, although only 8% of the genes overlapped with a previously published study [340], there

was excellent overlap in the pathways enriched in significantly altered genes between the two

datasets. Elstner et al.’s study suggested that mitochondrial dysfunction, oxidative phosphory-

lation and the protein ubiquitination pathway were central to PD pathology.

It is not clear whether the inconsistent set of genes identified to have altered expression is a

result of variations in cell type and MPP+ dosage or of the various microarray systems used for

analysis. Therefore this thesis contains such an investigation in the M17 cell line with the aim

that microarray data could be used to inform the construction of PPIN.

In other disease models the results of such microarray experiments have been used to construct

PPIN. Genes whose expression is altered are used as the seeds for network construction and

further genes that are close in network space are hypothesised to have relevance in such disease

models [341, 342].

3.1.4 Cellular viability assays

A large number of assays are used to estimate cellular viability. The choice of assay will depend

upon a number of factors including the mechanism of cell death, experimental system, cost and

time constraints.
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The reduction of tetrazolium salts (including MTT and MTS) to highly coloured formazens are

a widely used measure of cell viability [343]. Reduction depends on the presence of NAD(P)H

and is largely dependent on glycolysis, rather than the ETC [344]. It has been demonstrated

that MPP+ treatment leads to a short term upregulation of glycolysis [79], as a response to ETC

inhibition, therefore, such assays should be used with caution in the context of MPP+ induced

cell death.

Neutral red is a lysosomal stain which passes freely through the cytoplasm, but is protonated

and therefore trapped in the lysosome. Uptake is proportional to cell and lysosome number,

but also depends on the proton gradient across the lysosomal membrane. The proton gradient

relies on ATP and therefore, neutral red absorbance has been used to estimate cellular viability

[286, 345] and, across a wide range of test reagents, there is good agreement between readouts

from the MTT and neutral red assays [345]. Neutral red absorbance has occasionally been used

to measure MPP+ toxicity in vitro and there was a significant decrease absorbance when PC12

cell were incubated with MPP+ (1.5 mM, 24 h) [346].

Apoptotic cell death is characterised by caspase mediated protein cleavage. Caspases are se-

quentially activated by cleavage and therefore levels of cleaved caspases can be used to measure

apoptotic cell death [343]. Caspase-3 is an initiator caspase and therefore, is widely used as a

marker of cell death [343]. Cleavage can be monitored using WB or (with antibodies specific for

the cleaved form) by immunocytochemistry (ICC) or flow cytometry [327].

Annexin-V binds to the cell membrane protein phosphatidylserine (PS). Normally PS remains

within the cells interior. However, upon the initiation of apoptosis PS is exposed leading to

annexin-V binding [343]. Annexin-V staining is performed in live (non-fixed) cells and is nor-

mally conducted in conjunction with a strong nuclear stain (7-AAD or propidium iodide (PI)) to

mark any cells whose membranes have been permeabilised. Combined annexin-V and 7AAD/PI

staining can therefore distinguish between healthy (unstained), early apoptotic (annexin-V

stained), late apoptotic (annexin-V and 7AAD stained) and necrotic (7AAD stained) cells.

Such analysis is typically performed by flow cytometry [188] and MPP+ treatment (1 mM, 24

h) results in increased annexin-V staining in PC12 cells [347].

Rhodium dyes, including TMRM, accumulate in the mitochondria and their fluorescence depends

on the size of the mitochondrial membrane potential [348]. Therefore, they can be used to

identify mitochondrial membrane depolarisation. Such dyes are widely used for fluorescence

microscopy investigations, but have also been applied to higher throughput plate reader and

flow cytometry assays [209, 349]. A flow cytometry study in SH-SY5Y confirmed that TMRM
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fluorescence is decreased after only 13 h MPP+ treatment (5 mM) [209].

3.1.5 Measures of autophagy

As discussed previously (Subsection 1.4.2), autophagy is the process of cellular self-digestion

by which long lived proteins and organelles are degraded and their constituents recycled. A

number of methods are commonly used to estimate the rate of autophagic turnover in cellu-

lar systems. The most widely used approaches centre around protein markers, most notably

LC3B and to a lesser extent P62 [350]. Unprocessed LC3B is cytoplasmic however, the protein

is conjugated to phosphatidylethanolamine (PE) in the autophagosome membrane by ATG7

and remains attached throughout the maturation process until, following cargo degradation,

LC3B is recycled by ATG4 [149]. LC3B lipidation can be monitored by WB as a distinct band

with lower apparent molecular weight is detected corresponding to the lipidated form [350].

Alternatively, the conjugation of LC3B to the autophagosome can be observed by fluorescence

microscopy as the formation of puncta using either a fluorescently tagged form of the protein

or ICC [351]. However, cytosolic form of LC3B will also be detected. Once the puncta corre-

sponding to autophagosomes have been identified, their colocalisation with lysosomes (identified

using lysosomal dyes such as lysotracker or antibodies for lysosomal proteins) can be used to

measure lysosomal fusion [350]. P62 acts as a molecular adaptor targeting ubiquitinated cargo

for degradation, and is rapidly degraded following lysosomal fusion [352]. Therefore decreased

P62 levels have been used in conjunction with LC3B to measure autophagosome numbers [353].

In a manner similar to LC3B, autophagosomes can be identified as P62 positive puncta using

ICC or fluorescently tagged proteins [353].

While such methods are widely used they must be treated with a degree of caution. An accu-

mulation of LC3B-II may either represent an overall increase in autophagic flux or a blockage

in flux leading to the accumulation of autophagosomes due to trafficking defects, problems with

lysosomal fusion or protein degradation. Therefore, control experiments should be conducted

using compounds capable of blocking autophagosome degradation for example bafilomycin A1

or chloroquine both of which inhibit lysosomal acidification [350]. If increased LC3B lipida-

tion/puncta formation is as a result of increased autophagic flux then treatment with bafilomycin

A1 or chloroquine will result in a further increase in LC3B-II levels [350]. Where no change is

observed upon treatment, it is likely that LC3B-II accumulation is as a result of blocked au-

tophagic flux rather than an increased rate of initiation [350], although where basal levels of

lipidated LC3 are high a ceiling effect may prevent further increase [164].

57



Where available, electron microscopy (EM) is an excellent tool for autophagic investigations.

Autophagosomes can be identified by their double lipid membrane and in many cases organelles

(including mitochondria) can be detected within the autophagosomes [350]. However, the same

caveats apply as to measurement of LC3B, accumulation of autophagosomes may reflect a block

in autophagic flux rather than an increased initiation of autophagy [350].

Pulse-chase assays offer an alternative method of autophagy detection. Such methods involve the

incubation of cells in radio-labelled media (typically either 14C or 3H labelled valine or leucine)

so that radio-labelled proteins are accumulated [287, 354, 355]. The cells are then incubated in

non-labelled (cold) media and as proteins are broken down through autophagy, the constituent

amino acids can diffuse across the cell membrane and into the media. Aliquots of media can be

collected and the levels of radio-labelled amino acid measured to calculate the rate of protein

degradation. However, some caution must be exercised when using leucine for radio-labelling

as high concentrations of leucine act as a potent inhibitor of autophagy [354]. Such approaches

have been widely employed in hepatocytic tissue, but are less well explored in neuronal cell lines

[355].

3.1.6 Effect of MPP+ on autophagy

The effects of MPP+ on autophagy have been investigated by a number of groups. There

are some discrepancies in published studies, but the majority of reports indicate that MPP+

treatment leads to increased LC3B lipidation and autophagosome accumulation downstream of

mitochondrial damage [99, 100, 159, 186, 186, 188, 190, 204, 351, 356]. Whether autophagosome

accumulation is a result of increased autophagic flux or a blockage of lysosome fusion is a matter

of some debate and may depend upon the experimental system. There are also contradictory

reports as to whether autophagy is protective or deleterious in conjunction with MPP+ exposure

and this may depend upon the MPP+ dosage and cell line used.

MPP+ as a stimulator of autophagy

Zhu et al. conducted a thorough investigation of the effects of MPP+ treatment in the SH-

SY5Y cell line and primary midbrain DA neurones [152]. They reported increased autophagy in

response to MPP+ using EM to observe increased autophagosome numbers, MDC (monodansyl-

cadaverine) staining to measure late stage autophagosomes and WB to follow LC3B lipidation.

However, they saw no change upon treatment with phosphatidylinositol 4,5-bisphosphate 3-

Kinase (PI3K) inhibitors 3-methyladenine and wortmannin nor with Beclin-1 siRNA mediated
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KD. They suggested that MPP+ induced autophagy occurred via a PI3K independent pathway

and proposed that the neurotoxin induced autophagy via the ERK pathway. ERK activation

occurred within 8 h of MPP+ exposure and preceded changes in autophagy [186]. Treatment

with UO126, an inhibitor of the upstream dual specificity mitogen-activated protein kinase ki-

nase 1 (MAPKK1), ablated MPP+ induced autophagy and prevented cell death. Interestingly,

transient OE of ERK2 was sufficient to induce autophagy and mitochondrial degradation (in

the absence of neurotoxins) and led to increased cell death [153].

Zhu et al. extended their earlier work to investigate chronic MPP+ exposure using repeated

doses, over 2 weeks, in differentiated SH-SY5Y cells [203]. The chronic treatment regime led

to significant cell death, changes to mitochondrial morphology and autophagy (as measured by

electron microscopy, MDC staining and LC3B lipidation) with ERK activation peaking after

each MPP+ treatment. By inhibiting ERK activation they were able to prevent the changes

to mitochondrial morphology, protein expression and respiratory capacity otherwise induced by

MPP+ exposure. However, while inhibition of autophagy via ATG7 or LC3B siRNA prevented

some changes to mitochondrial morphology the blockage of autophagy was insufficient for pro-

tection and the authors suggested that in the chronic model ERK activation resulted in cell

death by pathways other than autophagy.

Other groups have demonstrated an upregulation of autophagy following MPP+ treatment

[356, 357]. Rodriguez-Blanco et al. reported caspase-independent cell death following MPP+

treatment in differentiated PC12 cells and upregulation of autophagy [357]. However, although

the authors reported ERK activation following MPP+ exposure, they did not see any change

to autophagy or cell death upon co-treatment with MAPK inhibitors and suggested that ERK

activation is ‘merely a protective response upon stress’. Verhaar et al. also reported MPP+

induced autophagy in differentiated SH-SY5Y with marked accumulation of Beclin1 at the ER

[356] in contrast to Zhu et al. who demonstrated Beclin1 independent autophagy following

MPP+ treatment [152].

MPP+ as an inhibitor of autophagy

In contrast to the above results, others have demonstrated that MPP+ treatment leads to

decreased autophagic flux, despite the accumulation of autophagosomes [159, 186–188]. A thor-

ough investigation of autophagy in PD models came from Dehay et al. who studied the effect

of MPTP in mice, MPP+ in the M17 cell line and autopsy samples from PD patients and

concluded that lysosomal damage was central to PD the aetiology [159]. The authors detected
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increased autophagosome levels (measured using LC3) and decreased lysosomal levels (measured

using LAMP1) across all three models; further, human LB were shown to be LC3B immunore-

active. Additional mechanistic studies were conducted in the M17 cell line where the authors

demonstrated damaged mitochondria (by EM) and lysosomal membrane permeabilisation. The

lysosomal permeabilisation prevented autophagosome fusion and led to the release of lysosomal

enzymes into the cytoplasm. Further they confirmed that lysosomal damage occurred via ROS

and at time points preceding cell death. Supporting the role of lysosomal dysfunction in blocking

autophagic flux, Li et al. demonstrated decreased lysosomal activity following MPP+ treatment

[186].

3.1.7 Effect of autophagy on MPP+ toxicity

Beyond the debate about the effect of MPP+ on the rate of autophagic flux, there are conflicting

reports as to whether autophagy is protective or deleterious in the context of MPP+ toxicity.

The concept of autophagic stress suggests that excessive autophagy (such as that induced by

neurotoxins) is, in itself, harmful as the cells ability for regenerative protein synthesis is exceeded

by the rate of protein breakdown [154, 357]. Chu et al. reported that rapamycin treatment

potentiated MPP+ induced cell death in SH-SY5Y and that ATG7 siRNA mediated KD was

protective in MPP+ infused rats [154]. Further, Rodriguez-Blanco et al. demonstrated that the

inhibition of autophagy (via bafilomycin A1 treatment) rescued MPP+ neurotoxicity [357].

However, others have demonstrated that upregulating autophagy is protective in combination

with MPP+ treatment. Garcia-Garcia et al. demonstrated caspase dependent cell death upon

MPP+ exposure that is exacerbated upon blocking autophagy [188]. The authors blocked au-

tophagy by OE of the dominant-negative form of ATG5, a system that they suggested was

superior to pharmacological interventions or siRNA mediated KD.

In direct contrast to the results of Chu, Dehay et al. demonstrated that TFEB OE increased

autophagic flux and prevented MPP+ induced cell death in M17 cells [159]. The authors also

showed that rapamycin treatment was protective against MPP+ neurotoxicity and acted by

upregulating lysosome biogenesis and increasing autophagosome clearance.

Other systems used to induce protective autophagy in an MPP+ context include:

• The use of 3-N -butylphthalide (a natural product derived from Apium graveolens (celery)

and used to treat stroke victims) to induce autophagy and promote α-synuclein breakdown

in PC12 cells [358].
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• Lanosterol (a cholesterol precursor depleted in the striatum of MPTP treated mice) treat-

ment to protect DA neurones in MPTP treated mice or MPP+ treated primary cultures.

The lanosterol co-treatment led to increased number of autophagosomes and their increased

association with mitochondria [359].

• Paeoniflorin (the active component of the traditional medicine Paeoniae alba) co-treatment

rescued MPP+ treated PC12 cells, increasing LC3B-II levels and α-synuclein degradation

[347].

• Co-treatment with modified Yeoldahanso-tang (a traditional Korean dried herb mixture)

in MPTP treated mice led to preservation of DA neurones with increased levels of the

autophagic proteins Beclin1 and LC3B [360].

• Sublethal hypoxic preconditioning in SH-SY5Y led to a transient increase in LC3B lipi-

dation and MDC staining which occurred via ROS formation. Pre-conditioning decreased

MPP+ induced cell death, caspase-3 cleavage and MPP+ induced autophagy. When the

preconditioning was combined with autophagy blocker 3MA the protective effect was ab-

lated [361].

3.1.8 Aims of chapter

This chapter is centred on the characterisation of the MPP+ model in the M17 cell line. It is

essential that the model is accurately characterised and sensitive assays are developed so that

small alternations following protein modulations can be detected. With this broad aim in mind,

this chapter has four specific goals:

1. To determine a suitable MPP+ treatment regime in M17 cells to facilitate the investigation

of the effects of protein modulation on MPP+ vulnerability.

2. To characterise MPP+ induced cell death in M17 cells and optimise a series of assays for

measuring cell death.

3. To investigate the effect of MPP+ on autophagy in M17 cells and optimise assays for

measurement of autophagic flux.

4. To explore the hypothesis that cellular DA contributes to MPP+ sensitivity in M17 cells.
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3.2 Results

3.2.1 Optimisation of MPP+ treatment regime

Although MPP+ is a widely used neurotoxin, a wide range of doses and administration times

have been used experimentally. Therefore, MPP+ induced cell death in the M17 cell line was

characterised.

MTS

MTS reduction was used to estimate cellular viability following MPP+ treatment (Figure 3.1).

After 48 h treatment with MPP+ (20 nM - 200 µM), MTS reduction was decreased in a dose

dependent fashion for doses exceeding 10 µM; there was no significant decrease in MTS reduction

at earlier time points or lower doses.

Figure 3.1: MPP+ treatment decreases MTS reduction in a dose dependent fashion.
Cells were treated with doses of MPP+ from 20 nM to 200 µM for 12 - 48 h. MTS reduction
was measured for triplicate wells and normalised to untreated controls (average unnormalised
control absorbances were 0.592, 0.783, 0.630 and 0.861 for 12, 24, 36 and 48 h respectively). Data
points represent means ± SEM (n=3), ** represents P≤0.01, *** represents P≤0.001 compared
to 100% normalised control. Data were analysed using a 2-way ANOVA with Dunnett multiple
comparison test.

Cell counts

As a comparison to MTS reduction, cell counts were performed for a range of MPP+ doses and

treatment times. Cells were imaged 24, 36 and 48 h after MPP+ treatment (1-2000 µM), blinded

images were counted for morphologically normal cells and normalised to untreated controls

(Figure 3.2). Following 48 h treatment, there was a dose dependent, statistically significant

decrease in cell number for MPP+ concentrations exceeding 5 µM. There was also significant

cell loss following 36 h treatment with 500 µM and 2 mM MPP+. Given cell count and MTT
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results, 100 µM MPP+ was selected for further experiments (at a range of time points) as this

dose of MPP+ led to approximately 50% cell loss after 48 h therefore, allowing for both increases

and decreases in cellular viability. It was not viable to continue experiments beyond 48 h due

to the proliferation of untreated control cells.

Figure 3.2: MPP+ decreases the number of live cells in a time and dose dependent
fashion. Cells were treated with doses of MPP+ from 1 µM to 2 mM for 24 - 48 h. Bright-
field images were collected for triplicate wells at 20 x magnification (scale bars are 100 µm).
A Example images of cells following 48 h treatment with MPP+. B The number of live cells
were counted, all counting was conducted blind. Counts were normalised to untreated controls
(average unnormalised counts were 59.1, 66.8 and 113.5 cells at 24, 36 and 48 h respectively).
Data points represent means ± SEM (n=3), ** represents P≤0.01, *** represents P≤0.001
compared to 100% control. Data were analysed using 2-way ANOVA with a Dunnett multiple
comparison test.

ATP depletion

MPP+ is a complex I inhibitor and has previously been demonstrated to cause ATP depletion

[362]. ATP levels were measured using the CellTiter-Glo R©kit following treatment with MPP+

(100 µM) and the potent complex III inhibitor antimycin A (10 µM - a concentration previously

optimised in the Wade-Martins laboratory); antimycin A was utilised as a positive control,
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known to impede ADP phosphorylation [363]. After normalisation to untreated cells, there was

a significant decrease in ATP levels after 17 h treatment with antimycin A and 30 h treatment

with MPP+ (Figure 3.3A).

ATP depletion experiments were repeated in low glucose/high galactose media to confirm that

ATP depletion occurred as a result of blockade of the ETC, rather than inhibition of glycolysis

(Figure 3.3B). Under low glucose conditions, 3 h treatment with antimycin A and 17 h treatment

with MPP+ were sufficient to result in a significant decrease in ATP levels. ADP phosphorylation

was completely ablated after 42 h treatment with either toxin.

It is acknowledged that ATP levels were not corrected for cell number. Although cell counts

(Figure 3.2) demonstrated no significant change in cell number following 36 h treatment with

100 µM MPP+, reduction in cell numbers were seen at later time points. Therefore, the ATP

depletion observed at 42 and 48 h is likely to be partially due to a decrease in the number of

live cells as a result of both increased apoptosis and decreased proliferation. Further, cell counts

were not conducted in galactose media and it is possible that low glucose conditions reduced

cellular proliferation and this may have affected the results for the ATP assay.

Figure 3.3: MPP+ and antimycin A decrease cellular ATP levels by ETC blockade.
Cells were treated with MPP+ (100 µM) or antimycin A (10 µM) for 3 to 48 h in normal (A) or
low glucose (B) media. Cellular ATP levels were measured for triplicate wells and values were
normalised to untreated control cells. Unnormalised controls were 7.50, 6.84, 6.32, 8.82 and
10.17 RLU in glucose media and in galactose media 3.21, 395, 4.33 and 4.48 RLU in galactose
media. Data points represent means ± SEM (n=3), **** represents P≤0.0001 compared to
100% control. Data were analysed using a 2-way ANOVA with a Dunnett multiple comparison
test.

Neutral red absorbance

The lysosomal stain neutral red was used to characterise MPP+ induced cell death. Under

normal conditions neutral red diffuses into the lysosome where it is protonated and becomes

trapped. Having demonstrated that MPP+ treatment results in ATP depletion, it was hypoth-

esised that it would also result in decreased neutral red accumulation.

After 6-48 h MPP+ treatment (100 and 5 µM), neutral red absorbance was measured and these
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values normalised to the absorbance from untreated cells (Figure 3.4). MPP+ treatment led

to significant decreases in neutral red accumulation after 36 h (79% control for 5 µM and 50%

control for 100 µM). A number of further experiments were then conducted to explore neutral

red absorbance as a marker of cellular ATP levels.

First, it was confirmed that the changes in neutral red uptake were not due to a change in overall

lysosomal numbers. Therefore LAMP1 (a lysosomal marker) levels were measured by WB at

a series of time points (2-48 h) following MPP+ exposure (100 µM). There were no changes to

LAMP1 protein levels at any time point indicating no alteration to overall lysosome numbers

(Figure 3.5).

Next, it was confirmed that known ETC inhibitors also reduced neutral red accumulation. The

potent complex III inhibitor antimycin A (10 µM) was compared to MPP+ treatment (100 µM)

(Figure 3.6A). Both treatments resulted in significant decreases in neutral red accumulation

with lower absorbances recorded for antimycin A treatment at all time points. MPP+ treatment

resulted in 65% control absorbance after 30 h treatment.

In order to confirm that the deacidification of lysosomes was sufficient to prevent neutral red

accumulation and that neutral red was not accumulated in organelles other than lysosomes,

absorbance was measured after 5 h treatment with the vacuolar-type H+-ATPase inhibitor

bafilomycin A1 (50 nM) (Figure 3.7). Bafilomycin A1 treatment resulted in 24 % control neu-

tral red absorbance compared to a 79 % absorbance following MPP+ treatment. The effect of

bafilomycin A1 confirmed that neutral red was accumulated specifically in the lysosomes and

that this was dependent on low pH.

Finally, to confirm that the reduced neutral red uptake was as a result of ETC blockade, MPP+

and antimycin A treatment were repeated in low-glucose/high-galactose media (Figure 3.6B).

Under low-glucose conditions, MPP+ treatment resulted in decreased neutral red absorbance

after 17 h with 68% control absorbance after 30 h. Antimycin A treatment resulted in decreased

neutral red absorbance at all time points with 27% control absorbance after 30 h. When the two

media conditions were compared (Figures 3.6 C and D), a significant difference was observed

after 42 h treatment with MPP+ (Figures 3.6 C ) or antimycin A (Figures 3.6 D). Low glucose

conditions potentiated the loss of neutral red accumulation, indicating that ATP depletion was

as a result of ETC blockade.

In combination these experiments demonstrated that neutral red absorbance was decreased

following MPP+ treatment as a result ATP depletion due to ETC inhibition. For further inves-

tigations the neutral red was utilised following 36 h MPP+ treatment as a significant decrease
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in absorbance was seen even in the most variable experiments conducted.

Figure 3.4: MPP+ treatment decreases cellular neutral red accumulation. Cells were
treated with MPP+ (5 or 100 µM) for 6 to 48 h. Cells were then treated with neutral red reagent
and absorbance measured at 540 nm for triplicate wells. Values were normalised to untreated
control cells (average unnormalised control absorbances were 0.312, 0.439, 0.299, 0.218 and
0.236). Data points represent means ± SEM (n=3), * represents P≤0.05 and **** represents
P≤0.0001 compared to 100% control. Data were analysed using a 2-way ANOVA with a Dunnett
multiple comparison test.

Figure 3.5: Lysosome levels are unchanged following MPP+ treatment. Cells were
treated with 100 µM MPP+ for 2 - 48 h and LAMP1 levels measured by WB and normalised to
actin loading control. Bars represent means ± SEM (n=3). Data were analysed using a 2-way
ANOVA with a Sidak multiple comparison test.
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Figure 3.6: Decreased neutral red accumulation is a result of ETC blockade. Cells
were treated with MPP+ (100 µM) or antimycin A (10 µM) for 3 to 48 h in normal (A) or
low glucose (B) media. Cells were then treated with neutral red reagent and absorbance mea-
sured at 540 nm for triplicate wells. Values were normalised to untreated control cells (average
unnormalised control absorbances were 0.397, 0.214, 0.408, 0.312 and 0.469 in normal media
and 0.350, 0.304, 0.204, 0.302 and 0.310 in low glucose media). Data points represent means
± SEM (n=3), ** represents P≤0.01, *** represents P≤0.001 and **** represents P≤0.0001
compared to normalised control. Data were analysed using a 2-way ANOVA with Dunnett mul-
tiple comparison test. C and D show the same data, but allow a comparison of the different
media conditions for MPP+ (C) and antimycin A (D). Data points represent means ± SEM
(n=3), * represents P≤0.05, ** represents P≤0.01, *** represents P≤0.001 and **** represents
P≤0.0001 between the two media conditions. Data were analysed using 2-way ANOVA with a
Sidak multiple comparison test.

Figure 3.7: Neutral red absorbance is dependent on lysosome acidification. Cells were
treated with MPP+ (100 µM) or bafilomycin A1 (50 nM) for 5 h. Cells were then treated
with neutral red reagent and absorbance measured at 540 nm for triplicate wells. Values were
normalised to untreated control cells. Bars represent means ± SEM (n=3), * represents P≤0.05
and *** represents P≤0.001 compared to normalised control (unnormalised average control
absorbance was 0.164). Data were analysed using a 1-way ANOVA with a Dunnett multiple
comparison test.
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TMRM fluorescence

TMRM fluorescence was used to measure mitochondrial membrane potential following MPP+

treatment (5 and 100 µ M) and normalised to untreated cells (Figure 3.8). Cells treated with

MPP+ for 24 h displayed significantly decreased fluorescence; 100 µM MPP+ led to a 40%

normal fluorescence and 5 µM MPP+ resulted in 83% normal fluorescence.

The potent mitochondrial toxin CCCP was used to confirm that TMRM was selectively accumu-

lated in the mitochondria and that its fluorescence was dependent on mitochondrial membrane

potential. Cells were treated with MPP+ (100 µM) or CCCP (10 nM to 10 µM) for 2 h and

then measured TMRM fluorescence and normalised these values to untreated controls (Figure

3.9). There was no change in TMRM fluorescence following 2 h MPP+ treatment but doses of

CCCP exceeding 100 nM resulted in significant decrease in fluorescence and treatment with 10

µM CCCP led to 19% normal TMRM fluorescence.

Figure 3.8: MPP+ treatment decreases mitochondrial membrane potential. Cells
were treated with MPP+ (5 or 100 µM) for 6 to 48 h. TMRM (150 nM) fluorescence was
measured (excitation 544 nm and emission 590 nm) for triplicate wells. Values were normalised
to untreated control cells (average unnormalised control fluorescences were: 7021, 8087, 8792,
10825 and 14858 RFU). Data points represent means ± SEM (n=4), **** represents P≤0.0001
compared to normalised control. Data were analysed using a 2-way ANOVA with a Dunnett
multiple comparison test.

Brief MPP+ exposure

It has been previously demonstrated that MPP+ induced cell death occurs over 24-72 h [199,

201, 209] however, it has not been established whether continuous MPP+ exposure is required

to induce cell death or whether an inevitable chain of events is set in motion by even a brief

MPP+ exposure. Cells were exposed to MPP+ (100 µM) for 2, 4 or 10 h and then the media

was replaced to remove any remaining toxin. TMRM and neutral red assays were used to assess

the impact of MPP+ treatment and data are also shown for cells exposed to MPP+ continuously
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Figure 3.9: TMRM fluorescence is dependent on mitochondrial membrane poten-
tial. Cells were treated with CCCP (10 nM to 10 µM) or MPP+ (100 µM) for 2 h. TMRM
fluorescence was measured (excitation 544 nm and emission 590 nm) for triplicate wells. Val-
ues were normalised to untreated control cells (average unnormalised control fluorescence was
1165 RFU). Bars represent means ± SEM (n=3), *** represents P≤0.001 and **** represents
P≤0.0001 compared to normalised control. Data was analysed using a 1-way ANOVA with a
Dunnett multiple comparison test.

for 48 h (Figure 3.10A).

MPP+ exposure resulted in an early decrease in neutral red absorbance (72% control after 2 h

compared to untreated cells) and after 36 h treatment uptake was decreased to 46 % of that for

untreated cells. The alternative MPP+ regimes also decreased neutral red uptake and when the

four regimes were compared at the 36 h time point, each regime induced a significant decrease

in absorbance (Figure 3.10B). Further, cells treated with MPP+ for 36 h had lower neutral

red uptake than those treated for 2-10 h. However, there was no significant difference between

neutral red absorbance with 2, 4 or 10 h exposure to MPP+.

A similar analysis was conducted using TMRM fluorescence as a marker of mitochondrial mem-

brane potential with 24 h selected as the key time point for comparison (Figure 3.10C and D). At

the 24 h time point both constant and 4 h exposure led to a significant decrease in fluorescence

(54% and 70% control fluorescence respectively). When the brief exposures were compared to

constant exposure, significantly less depolarisation was seen with 2 and 10 h MPP+ exposure,

but there was no significant difference between 4 h and constant exposure.

Therefore, it was concluded that a brief MPP+ exposure was sufficient to induce cell death with

deleterious effects observed after 2 h and continuing after the removal of the neurotoxin, but

that longer MPP+ exposure times resulted in additional cellular damage.
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Figure 3.10: Short term (2 h) MPP+ exposure is sufficient to initiate cytotoxicity.
Cells were treated with MPP+ (100 µM) for 2, 4 or 10 h and then the media replaced, data are
also shown for cells subjected to constant MPP+ exposure. Cells were cultured for a total of 2-48
h from the initial MPP+ treatment. A and B cells were then treated with neutral red reagent
and absorbance measured at 540 nm for triplicate wells, values were normalised to untreated
control cells at each time point (average unnormalised control absorbances were 0.272, 0.246,
0.264, 0.273, 0.305, 0.284, 0.374). B neutral red data for 36 h total treatment time. C and D
TMRM fluorescence was measured (excitation 544 nm and emission 590 nm) for triplicate wells.
Values were normalised to untreated control cells (average unnormalised control fluorescences
were 3649, 4681, 5798, 1743, 3462, 5015 and 4360 RFU). D TMRM data for 24 h total treatment
time. Data points and bars represent means ± SEM (n=3), * represents P≤0.05, ** represents
P≤0.01, *** represents P≤0.001 and **** represents P≤0.0001. Data analysed using 1-way
ANOVA with Sidak multiple comparison test.

3.2.2 MPP+ induced apoptosis

There have been divergent reports as to whether MPP+ induces cell death by an apoptotic,

autophagic or necrotic mechanism [98, 154, 328, 330]; however, the mechanism of cell death has

not yet been explored in M17 cells.

Annexin-V and 7AAD staining

Annexin-V and 7AAD staining in conjunction with flow cytometry was used to identify healthy,

apoptotic, late apoptotic and necrotic cells (Figure 3.11). Following consultation with the flow
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cytometer technician, a population of intact cells was gated based on side and forward scatter.

Forward scatter is a crude measure of cell size and side scatter a crude measure of internal

complexity. Therefore, gating was used to exclude small cell fragments and clumps of cells; the

gate was also established to select for as homogeneous cellular population as possible to facilitate

comparisons. All analysis was conducted on only this gated population. Unstained control cells

were used to establish the thresholds for postive annexin-V and 7AAD staining. Following 36 h

MPP+ treatment (100 µM), increased annexin-V staining was observed and the proportion of

gated cells in the early stages of apoptosis increased from 10 to 42%.

Caspase-3 cleavage

Caspase-3 cleavage is a key marker of apoptosis and staining is performed on fixed cells. Cells

were stained with a conjugated fluorescent antibody specific to the cleaved form of caspase-

3 and then flow cytometry used to measure the proportion of stained cells within the intact

cell gated region following MPP+ treatment (100 µM 36 h). As for annexin-V/7AAD flow

cytometry, a sample of unstained cells was used to establish a parameter for positive cleaved

caspase-3 staining. Exposure to MPP+ led to a significant increase in the percentage of gated

cells staining for cleaved caspase-3; following treatment 82% cells stained positive compared to

65% of control cells (Figure 3.12). The proportion of cells staining positive for cleaved caspase-

3 under control conditions was higher than expected so the experiments were repeated (36 h,

100 µM MPP+) with the same antibody, but using ICC to measure the proportion of stained

cells (Figure 3.13). The ICC analysis indicated that the proportion of cells staining positive

had increased from 7 to 94% following MPP+ treatment. Although both methods showed a

significant increase in cleaved caspase-3 the values for control cells was more plausible following

ICC.

3.2.3 Effect of MPP+ on autophagy

Analysis of autophagy by WB

Lipidated LC3B is a key marker of autophagosomes and its levels are widely used as a measure of

autophagy. It was confirmed that MPP+ treatment (48 h, 100 µM) resulted in increased LC3B

lipidation as previously reported in other cell lines (Figure 3.14 A) [100, 159, 188]. However, there

was no significant difference between LC3B lipidation in cells treated with the vacuolar-type H+-

ATPase inhibitor bafilomycin A1 (50 nM) and MPP+ when compared to bafilomycin A1 alone

indicating that MPP+-induced LC3B-II accumulation was as a result of blocked autophagic flux.
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Figure 3.11: MPP+ treatment initiates apoptosis. Cells were treated with MPP+ (100
µM) for 36 h and stained with annexin-V-FITC and 7-AAD, flow cytometry was performed and
10,000 events in the gated region were collected. Annexin-V and 7-AAD labelling was used to
categorise cells as healthy, early apoptotic, late apoptotic or necrotic. Bars represent means ±
SEM (n=3), **** represents P≤0.0001. Data were analysed using a 2-way ANOVA with Sidak
multiple comparison test.

LC3B lipidation was also measured after 24 h exposure to MPP+ (100 µM) (Figure 3.14B); at

this time point there was no difference in LC3B lipidation upon MPP+ treatment in either the

absence or presence of bafilomycin A1.

It has been suggested that disruptions to CMA may result in altered autophagic flux as a

compensatory mechanism [165]. Therefore LAMP2A was used as a marker of CMA and levels

of LAMP2A were measured following 24 and 48 h treatment with MPP+ (100 µM) (Figure 3.15).
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Figure 3.12: MPP+ treatment leads to caspase-3 cleavage as assessed by flow cytom-
etry. Cells were treated with MPP+ (100 µM) for 36 h and then fixed with paraformaldehyde.
Cells were stained for cleaved capase 3 then flow cytometry was performed and 10,000 events
in gated region were collected. Unstained cells were used to determine gating parameters for
caspase staining and the proportion of stained cells was calculated. Bars represent means ±
SEM (n=3), data were analysed using a 2-tailed t test, ** represents P≤0.01.

Figure 3.13: MPP+ treatment leads to caspase-3 cleavage assessed by immunocyto-
chemistry. Cells were cultured on coverslips and treated with MPP+ (100 µM) (A) or control
media (B) for 36 h. Cells were fixed and stained for cleaved caspase-3 and nuclei costained with
DAPI. Fluorescence images were collected for triplicate wells at 20 x magnification (scale bar is
70 µm). The number of cleaved caspase-3 positive and negative cells in each image was counted
(C), all counting was conducted blind. Bars represent means ± SEM (n=3), data analysed using
a 2-tailed t test, *** represents P≤0.001. Data were analysed using 2-tailed t test.

No change in LAMP2A level was seen at either time point. LAMP2A levels have previously been

used as a measure of CMA activity as the protein corresponds to the rate-limiting step in this

process [168, 171, 350, 364]. However, unaltered levels of LAMP2A may not provide conclusive
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evidence of unaltered CMA if other stages of the process are defective. Therefore, although this

data provides no evidence of changes to CMA, it cannot be unequivocally established that the

process is unaffected by MPP+ treatment.

Figure 3.14: MPP+ treatment results in increased LC3B lipidation which is not
further increased by bafilomycin A1 co-treatment. Cells were treated with MPP+ (100
µM) and bafilomycin A1 (50 nM) for 24 (A) or 48 h (B). LC3B levels were measured by WB,
the ratio of LC3B-II to LC3B-I was then calculated and normalised to untreated controls. Bars
represent means ± SEM (n=3), data were analysed using a 2-way ANOVA with a Sidak multiple
comparison test, * represents P≤0.05 and **represents P≤0.01.

Figure 3.15: Chaperone mediated autophagy is not affected by MPP+ treatment in
M17 cells. Cells were treated with MPP+ (100 µM) for 24 or 48 h, LAMP2A levels measured
by WB and normalised to untreated controls. Bars represent means ± SEM (n=3). Data were
analysed using a 2-way ANOVA with a Sidak multiple comparison test.
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Analysis of autophagy using pulse-chase experiments

Radio labelled pulse-chase assays are considered the ‘gold standard’ for measuring autophagic

flux [350] and were used as a comparison to the analysis conducted by WB. Initially, previously

published results in the 3T3 cell line [287] were replicated (Figure 3.16A). At each time point a

sample of media was collected, activity measured and the amount of radioactivity in the entire

media was estimated. Cumulative values were used to calculate the total amount of radioactivity

released into the media at each time point. At the end of the experiment, the cells were lysed

and radioactivity remaining in the cells was calculated. These data were used to calculate

the percentage of total radioactivity released into the media at each time point. Radioactivity

released was assumed to correspond to protein breakdown, as the 24 h chase period ensured

that all of the radio-labelled amino acid was incorporated in long lived proteins and the excess

of cold valine ensured that the radio-labelled amino acid was not reabsorbed following diffusion

across the cell membrane.

In accordance with published results, a linear rate of protein degradation was observed and the

rate of protein degradation was significantly increased following serum starvation. In the 3T3

cell line protein degradation over 6 h was increased from 6.6 to 11.4% upon starvation. The

protocol was then extended to the M17 cell line where a smaller increase, from 6.1 to 7.9% was

seen over the same time period (Figure 3.16B).

A similar protocol, with the final timepoint extended to 12 h, was used to investigate the effect

of established autophagy inducer, rapamycin, and MPP+ on the M17 cell line (Figure 3.17).

Rapamycin treatment (1 µM) significantly increased protein breakdown with an increase from

4.4 to 5.2% breakdown after 6 h and from 8.1 to 9.8% after 12 h. However, following 12 h

treatment with MPP+ (100 µM) protein degradation was significantly decreased from 8.1 to

7.0%.

Following the observation that 12 h MPP+ treatment decreased autophagic flux, autophagy

was measured following MPP+ treatment times up to 48 h omitting the 24 h chase period

(Figure 3.18). In untreated cells the rate of protein breakdown was non-linear due to the initial

breakdown of short lived proteins. MPP+ treatment resulted in decreased cumulative protein

degradation after 24 h (18.5 compared to 21.3%) and after 48 h treatment the total protein

turnover was decreased from 35.5 to 25.1%. This decreased autophagic flux is consistent with

the lysosome deacidification previously observed (Figures 3.4, 3.6 and 3.7) because functional

acidic lysosomes are required for protease mediated protein breakdown.

To facilitate a comparison between WB and pulse-chase methods, LC3B lipidation was measured
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in M17 cells following 12 h treatment with starvation (0.5 % serum) or rapamycin (1 µM) in

the presence and absence of bafilomycin A1 (50 nM) (Figure 3.19). Significant increases in

LC3B lipidation was seen upon bafilomycin A1 treatment under all experimental conditions.

Rapamycin treatment also resulted in an increase in LC3B lipidation compared to controls

when coupled with bafilomycin A1 treatment. However, no difference was observed following

serum starvation indicating that the pulse-chase technique had higher sensitivity.

Figure 3.16: Serum starvation increases autophagic flux in 3T3 and M17 cells. 3T3
(A) and M17 (B) cells were labelled with 14C-valine for 48 h and then maintained in cold
media (1 mM valine) for a further 24 h. The media was then replaced with either normal (10
% FBS, 1 mM valine) or starvation (0.5% FBS, 1 mM valine) media. Aliquots were taken at
time points from 15 min to 6 h and precipitated with TCA. Radiation in the supernatant was
measured by scintillation count and protein degradation calculated using scintillation counts
from lysed remaining cells (6 h). Data points represent means ± SEM (n=3), * represents
P≤0.05, ** represents P≤0.01, *** represents P≤0.001 and **** represents P≤0.0001 compared
to controls. Linear regression was performed and data were analysed using a 2-way ANOVA
with a Sidak multiple comparison test.

3.2.4 Effect of dopamine on MPP+ toxicity

To establish the importance of DA in MPP+ induced cell death in M17, AMPT was used to

deplete cellular DA.
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Figure 3.17: Rapamycin and MPP+ have opposite effects on autophagy in M17 cells.
M17 cells were labelled with 14C-valine for 48 h and then maintained in cold media (1 mM
valine) for a further 24 h. The media was replaced and cells were treated with rapamycin
(1 µM) and MPP+ (100 µM). Aliquots were taken at time points from 15 min to 12 h and
precipitated with TCA. Radiation in the supernatant was measured by scintillation count and
protein degradation calculated using scintillation counts from lysed remaining cells (12 h). Data
points represent means ± SEM (n=3), *** represents P≤0.001 and **** represents P≤0.0001
compared to controls. Linear regression was performed and data were analysed using a 2-way
ANOVA with a Sidak multiple comparison test.

Figure 3.18: MPP+ treatment further decreases autophagic flux at time points up to
48h. M17 cells were labelled with 14C-valine for 48 h. The media was replaced (fresh media
contained 1 mM valine) and cells were treated with 100 µM MPP+. Aliquots were taken at time
points from 1 to 48 h and precipitated with TCA. Radiation in the supernatant was measured
by scintillation count and protein degradation calculated using scintillation counts from lysed
remaining cells (48 h). Data points represent means ± SEM (n=3), * represents P≤0.05, ***
represents P≤0.001 and **** represents P≤0.0001 compared to controls. Data were analysed
using a 2-way ANOVA with a Sidak multiple comparison test

Optimisation of HPLC

DA and its metabolites were detected using HPLC coupled with electrochemical detection.

Standard solutions (100 nM) of L-DOPA, DA, DOPAC, Noradrenaline, HVA and 5-HIAA were

prepared in PCA (100 µM), the retention time of each compound was measured and it was

confirmed that the peaks could be separated in a mixed solution (Figure 3.20).

Serial dilutions of the mixed solution were prepared and the HPLC traces analysed (Figure 3.21).
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Figure 3.19: Pulse-chase assay is a more sensitive measure of autophagy than LC3B
lipidation. Cells were treated with bafilomycin A1 (50 nM) for 12 h in normal media (10%
FBS), rapamycin treated media (1 µM) or starvation media (0.5% FBS). Protein (10 µg) was
separated by electrophoresis and probed for LC3, the ratio of LC3B-II to LC3B-I was then
calculated and normalised to untreated controls. Bars represent means ± SEM (n=3). Data
analysed using 2-way ANOVA with Sidak multiple comparison test

Each compound could be detected in the range of 5 to 100 nM and peak area was proportional

to concentration for each compound. Linear regression was performed for each compound and

the following R2 values were calculated: L-DOPA - 0.994, NA - 0.997, DOPAC - 0.9995, 5HIAA

- 0.9956, DA - 0.9891, HVA - 0.9929. Finally, it was confirmed that DA could be detected in

M17 cells and that the DA peak could be distinguished from other peaks (Figure 3.22).

Optimisation of AMPT treatment

A preliminary HPLC experiment confirmed that 24 h treatment with AMPT (500 µM) resulted

in approximately 90% DA depletion and that at a higher concentration (1 mM) the cells were

almost entirely DA free (Figure 3.23A).

However, cellular viability as estimated by neutral red absorbance was significantly compromised

following 48 h AMPT treatment (500 µM or 1 mM) (Figure 3.23 B). In standard OM, 1 mM

AMPT led to 63 % control neutral red absorbance; with 500 µM AMPT concentration neutral

red absorbance was increased to 66% control, but there was no significant difference between 1

mM and 500 µM AMPT. HEPES (4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid) buffered

media was employed to prevent AMPT mediated acidification; however AMPT treatment still

resulted in significantly decreased neutral red absorbance to 81% and 78% HEPES control for

500 µM and 1 mM AMPT respectively.

In order to optimise AMPT treatment, the dose dependence of DA depletion (24 h post treat-

ment) and loss of cellular viability (48 h post treatment) were explored (Figure 3.23C ). Over

this range of concentration (5 - 500 µM), AMPT had a dose dependent effect on both neutral
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Figure 3.20: Dopamine metabolites can be separated by HPLC. 100 nM solutions of
DA and metabolites were prepared (in 100 µM PCA), samples were separated by HPLC and
detected electrochemically. A mixed solution was also compared (100 nM for each compound)
and subjected to HPLC analysis.

red absorption and DA depletion; 100 µM AMPT was selected as a dose for further experiments

as this resulted in 38% control DA and 89% control neutral red absorption.

The optimised regime (AMPT 48 h, 100 µM) was used to measure the effect of DA depletion

on MPP+ vulnerability (100 µM, 36 h, neutral red accumulation) (Figure 3.23D). DA depletion

(via AMPT treatment) had no significant effect on neutral red uptake either in the absence, or
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Figure 3.21: Dopamine metabolite HPLC peak area depends upon concentration. A
series of mixed solutions of DA and metabolically related compounds (each 5 to 100 nM) were
prepared in 100 µM PCA, separated by HPLC and detected electrochemically. Each peak was
identified by its retention time and peak area measured. Linear regression was performed.

Figure 3.22: M17 cells contain dopamine. M17 cells were trypsinised and resuspended in
PCA (100 µM) to achieve lysis. The solution was subjected to HPLC analysis and the DA peak
identified based on retention time compared to standard solution (100 nM).

presence, of MPP+ suggesting that DA did not potentiate MPP+ cytotoxicity in M17 cells.

3.2.5 Microarray data

Previous reports have shown altered gene expression in vitro following MPP+exposure [303–307].

To analyse gene expression in M17 cells RNA samples were prepared from M17 cells following

24 h exposure to MPP+ (100 µM), control samples were also prepared. Microarrays were run

by Dr. Sheena Lee using Affymetrix Human Gene 2.0 ST Arrays, Dr. Lee also performed data

analysis. Following PLIER normalisation and multiple t tests, 220 differentially expressed genes

were identified. However, no genes remained significant following correction for multiple testing.

Therefore, testing for pathway/functional enrichment was not considered appropriate. Probe

signals for selected genes with significant altered expression (before multiple testing correction)

are shown in Figures 3.24.
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Figure 3.23: Dopamine depletion does not affect cellular vulnerability to MPP+ in
M17 cells A Cells were treated with MPP+ (100 µM) or AMPT (500 µM or 1 mM) for 24 h,
trypsinised and resuspended in PCA. Solutions were separated by HPLC followed by electro-
chemical detection. Peak size was normalised to protein concentration and then normalised to
untreated cells (unnormalised control absorbance was 0.394). Bars show a single experiment.
B Cells were treated with AMPT (500 µM or 1 mM) for 48 h in either normal (OM) media
or media supplemented with HEPES. Cells were then treated with neutral red reagent for 2 h,
washed, lysed and absorbance measured at 540 nm for triplicate wells. Values were normalised
to untreated control cells (unnormalised control absorbance was 0.490). Data points represent
means ± SEM (n=3), *** represents P≤0.001 and **** represents P≤0.0001 compared to un-
treated control for each media condition. Data were analysed using a 2-way ANOVA with a
Dunnett multiple comparison test. C Cells were treated with AMPT (5 - 500 µM). After 24 h
cellular DA levels were measured by HPLC and electrochemical detection (as above) and after
48 h cellular viability was assessed by neutral red uptake (as above) (unnormalised control ab-
sorbance was 0.239). Data points represent means ± SEM (n=3). D Cells were treated with
AMPT (100 µM) for 48 h and MPP+ (100 µM) for 36h. Cellular viability was assessed using
neutral red uptake (as above) and values normalised to untreated controls (unnormalised control
absorbance was 0.923) . Bars represent means ± SEM (n=3). Data were analysed using a 2-way
ANOVA with a Sidak multiple comparison test.

In order to compare the results from this thesis to other MPP+ in vitro microarray studies a

subset of genes with a differential expression of at least 1.5 fold and a p value equal or less to 0.05

were identified. Such an approach has previously been reported by Simunociv et al. [340] and

in their study of MPP+ treated PC12 cells Xu et al. highlighted genes with at least a twofold

change in expression without further statistical analyses [306]. When the data generated for this

thesis was analysed in this way, 41 genes had at least a 1.5 fold average change in expression,

none had a twofold change. The 41 genes were compared to the results from published in vitro

microarray studies following MPP+ treatment in SH-SY5Y [304], Neuro-2a [305], PC12 [306]
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and MN9D [307] cells. Four genes (CHAC1, GPT2, SLC6A9 and TRIB3) upregulated in Neuro-

2a [305] following MPP+ treatment also appeared in the M17 list and one of the genes (TRIB3)

also appeared in the PC12 study [306]; there was no overlap with the SH-SY5Y [304] or MN9D

[307] studies.

Figure 3.24: Microarray analysis shows no statistically significant alteration to gene
expression in M17 cells following MPP+ treatment. Cells were treated with MPP+ (100
µM) for 24 h. RNA was extracted and analysed using Human Gene 2.0 ST Arrays. Genes were
grouped manually according to process and average probe signal is shown. Bars represent means
± SEM (n=3).
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3.3 Discussion

3.3.1 MPP+ induced cell death in M17 cells

This chapter focussed on the characterisation of MPP+ induced cell death in the M17 cell line

and the development of sensitive assays. MPP+ was shown to induce cell death in a time

and dose dependent manner as measured by decreased MTS reduction and cell counts, lower

sensitivity was observed using the MTS assay.

The doses of MPP+ required to induce cell death in M17 cells were lower than typically used

in PC12 [99, 100, 306, 347] or SH-SY5Y [98, 100, 114, 188, 199, 209, 304, 356, 361, 365] cell

lines; however, the dose response was similar to that reported in the published studies of MPP+

exposure in M17 cells [79, 201, 336]. The higher vulnerability better reflects that observed in

primary neuronal tissue [190, 221, 327, 366] and may indicate that the M17 cell line is a more

physiological model. The greater MPP+ vulnerability may reflect the DA nature of M17 cells

or the ratio of DAT to VMAT. A regime of 100 µM MPP+ was used for further investigations

as it resulted in approximately 50% cell death after 48 h. The longest possible treatment time

with a lower dose of MPP+ was considered optimal to better mimic the chronic nature of PD.

However, the mitotic division of M17 cells limited the time for which cells could be cultured and

M17 cells are resistant to retinoic acid induced differentiation [338].

In accordance with previously published results, MPP+ induced ATP depletion; antimycin A was

used as a positive control for ATP depletion. For both toxins, ATP depletion was potentiated by

the use of low glucose/high galactose media. Although galactose can be used as a substrate for

respiration, there is no net release of ATP from its conversion to pyruvate [104]. The decreased

ATP levels in galactose media indicate that MPP+ and antimycin A cause ATP depletion by

blockade of the ETC and not inhibition of glycolysis. These results are in accordance with

MPP+ being a complex I inhibitor, as previously reported [71–73].

Neutral red is a lysosomal dye which is trapped in the lysosome upon protonation. Accumulation

depends upon the maintenance of a proton gradient across the membrane, and is ATP dependent

[286, 345]. Neutral red is established as a cellular viability assay and results correlate with MTS

reduction [345]; however, the assay has not been widely used in the context of MPP+ induced

cell death. MPP+ treatment led to a decrease in neutral red absorbance with no change to

overall lysosomal levels (measured by LAMP1 levels). Absorbance was also decreased following

treatment with antimycin A - known to cause potent ATP depletion. The effects of both

MPP+ and antimycin A were exacerbated in low glucose/high galactose media consistent with an
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increase in lysosomal pH via cellular ATP depletion as a result of ETC blockade. Treatment with

the vacuolar-type H+-ATPase inhibitor bafilomycin A1 led to a rapid and profound decrease in

neutral red absorbance demonstrating that an increase in lysosomal pH was sufficient to prevent

neutral red accumulation and that neutral red was selectively concentrated in the lysosomes.

The fluorescence of TMRM, and other rhodium dyes, has been widely used to measure the

loss of mitochondrial membrane potential following MPP+ exposure and other mitochondrial

insults [204, 209, 327]. However, TMRM fluorescence is generally measured on a single cell basis

and is not frequently optimised for use on a plate reader. It was demonstrated that MPP+

treatment (100 µM) led to a significant decrease in TMRM fluorescence after 24 h. The results

in this thesis are in accordance with those of Fall and Bennett who demonstrated that MPP+

treatment (5 mM, 13 h) led to decreased TMRM fluorescence in SH-SY5Y [209]. CCCP is

known to collapse mitochondrial membrane potential and acted as a positive control for the

TMRM assay [348]. CCCP exposure was shown to lead to loss of TMRM fluorescence in a

dose dependent manner following 2 h treatment demonstrating that TMRM fluorescence was

dependent on mitochondrial membrane potential and not accumulation elsewhere within the

cell. The optimisation of the neutral red and TMRM assays provided a system by which MPP+

induced cell death could be followed in a sensitive, yet medium-throughput fashion.

Flow cytometry in conjunction with annexin-V and 7AAD staining was used to determine the

mechanism of cell death in M17 cells. Despite the caveat of possibly inaccuracies in gating, the

results indicated increased annexin-V binding characteristic of apoptotic cell death following

MPP+ treatment. Increased caspase-3 cleavage was observed using both flow cytometry and

ICC supporting apoptosis as the mechanism for cell death in M17 cells following MPP+ exposure.

ICC provided superior results as the use of the conjugated antibody in conjunction with flow

cytometry led to an anomalously high degree of straining in control cells most likely due to

the exclusion of healthy cells through flawed gating. However, the increased capase-3 cleavage

detected by both flow cytometry and ICC is in accordance with previously published reports of

MPP+ induced apoptosis in other cell lines [98, 209, 211, 326], although there has been little

investigation of the mechanism of cell death in the M17 line.

Having characterised an MPP+ regime based on constant exposure, the effects of brief MPP+

exposure were investigated. It was demonstrated that as little as 2 h exposure to MPP+ was

sufficient to cause significant loss of cell viability and mitochondrial damage, athough these

effects were not fully realised until later time points. Damage was not observed until after

the neurotoxin was removed, indicating that initial MPP+ exposure set in motion an inevitable

process of cell death that could not be reversed by toxin removal. However, increased deleterious
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effects were observed for longer exposures to MPP+ suggesting that further damage was caused

throughout the exposure window.

3.3.2 Effects of MPP+ on autophagy in M17 cells

The effects of MPP+ on autophagy are a matter of debate and it is likely that they depend

upon experimental system and dosage of MPP+. Published results indicate the MPP+ exposure

leads to an accumulation of autophagosomes as measured by LC3B lipidation, the detection of

LC3B positive puncta by fluorescence microscopy and the identification of autophagosomes by

electron microscopy [99, 100, 159, 186, 186, 188, 190, 204, 351, 356]. However, there is conflicting

evidence as to whether autophagosome accumulation reflects an increased rate of autophagic flux

or a blockage in the fusion of autophagosomes with lysosomes or subsequent cargo degradation.

In accordance with published results, an increase in LC3B lipidation was detected following 48

h MPP+ treatment. However, no change in LC3B lipidation was observed after 24 h MPP+

treatment, although by this time point cell death is inevitable. No further change to lipidated

LC3B levels was seen upon co-treatment with bafilomycin A1 indicating that autophagosome

accumulation occurred as a result of blocked degradation rather than increased initiation of

autophagy.

It has been suggested that blockage of CMA may lead to alterations in macroautophagy as a

compensatory process [165, 168]. Therefore, levels of LAMP2A, an established marker corre-

sponding to the rate limiting step of CMA [168, 170, 171, 350, 364], were investigated. No

changes to LAMP2A levels were seen after either 24 or 48 h MPP+ treatment suggesting that

there were no alterations to CMA in the M17 MPP+ model. However, it is acknowledged that

were other stages of CMA impeded, CMA flux could be reduced in the absence of changes to

LAMP2A levels. Others have demonstrated changes in lysosome levels following MPP+ treat-

ment [159], however, no change in the levels of LAMP1 were observed in this thesis, indicating

no change in overall lysosome number. Decreased neutral red uptake indicated an increase in

lysosomal pH consistent with ATP depletion. It is proposed that ATP depletion results in the

loss of the proton gradient across the lysosomal membrane leading to a blockage in autophagic

flux. Alternatively, ROS may damage the lysosomal membrane; however, the potentiation of

decreased neutral red uptake in galactose media indicates that ATP depletion is the trigger

for lysosomal dysfunction. This could be further established by repeating experiments with

anti-oxidant cotreatment to counteract the effects of ROS.

To measure the overall rate of autophagic flux a pulse-chase assay was developed. Although such
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assays are established in hepatocytic tissue [354] they are less widely used in immortalised cell

lines [287, 355] and they have seldom been utilised in neuronal models. Previously published

results in 3T3 cells [287] were replicated and it was demonstrated that autophagy could be

induced in M17 cells following 6-12 h serum starvation or rapamycin treatment. Interestingly,

the increases in overall protein degradation in M17 cells were smaller than those in the 3T3 cell

line, indicating that M17 cells were less sensitive to the induction of autophagy.

LC3B WB were performed following identical conditions (serum starvation or rapamycin treat-

ment) and no change in lipidation levels was seen following starvation in the presence or absence

of bafilomycin A1. Although the lack of increased LC3B lipidation following starvation in M17

cells is plausible given the pulse-chase data (where only a small increase in degradation was

observed), it is in contrast to that reported in other cell lines [152, 367, 368]. This discrepancy

highlights the variations between different cell lines and indicates that the M17 line may not

respond to autophagic stimuli in an entirely typical fashion; this may be a limitation in using

M17 cells to explore autophagic processes. The unaltered LC3B lipidation following starvation

also indicated that the pulse-chase assay had higher sensitivity than LC3B WB.

MPP+ treatment resulted in the slowed breakdown of long lived proteins after 12 h (as measured

by the pulse-chase assay), a time point preceding any changes to LC3B lipidation, further

supporting the idea of higher sensitivity in the pulse-chase assay. Where cells were cultured

for 48 h in the presence of MPP+ there was a further, dramatic decrease in the rate of protein

breakdown consistent with further cellular dysfunction and eventual death. The pulse-chase data

demonstrated that the accumulation of lipidated LC3B observed in the M17 cell model was as

a result of blocked autophagic flux, a previous area of contention. This effect is consistent with

the lysosomal dysfunction observed as without functional acidic lysosomes, protein degradation

cannot occur. Therefore, any treatment which led to lysosome deacidification would be expected

to result in the build-up of autophagosomes and a lower rate of autophagic flux.

An intriguing comparison can be drawn between the results in this thesis and the result reported

by Dehay et al. who also explored the effects of MPP+ on autophagy in the M17 cell line [159].

Dehay et al. reported an accumulation of autophagosomes as a result of decreased autophagic

flux. Lysosomal dysfunction was suggested to be the cause of this blockage. In contrast to the

results in this thesis, the authors reported decreased lysosome numbers and lysosomal membrane

permeabilisation by mitochondrially produced ROS. However, this thesis and the work of Dehay

et al. are in agreement that MPP+ treatment results in decreased autophagic flux in M17 cells

as a result of lysosomal dysfunction.
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3.3.3 Effect of dopamine on MPP+ vulnerability in M17 cells

It was hypothesised that the M17 line’s vulnerability to MPP+ was potentiated by the presence

of endogenous DA. The SH-SY5Y cell line exhibits a lower sensitivity and the laboratory has

previously demonstrated that SH-SY5Y cells do not express TH or DA [79]. Further, DA is

known to be cytotoxic and a potential cause of oxidative stress [220, 222]. Some investigations

into the effect of DA on neurotoxin vulnerability have previously been conducted [226, 227],

but not in the M17 cell line. Although AMPT induced DA depletion does not alter rotenone

vulnerability [226, 227], DA and non-DA cell lines do exhibit differential DA vulnerability [226]

and methamphetamine co-treatment potentiates rotenone vulnerability [227].

AMPT was used to deplete DA in M17 cells and a dosage regime was optimised to minimise

toxicity. However, no change to MPP+ vulnerability was seen upon DA depletion, indicating

that DA did not alter MPP+ vulnerability in M17 cells. The ratio of DAT to VMAT2 may

explain the M17 line’s higher sensitivity to MPP+ when compared to SH-SY5Y and PC12 cells.

Levels of DAT control the uptake of the neurotoxin and VMAT2 mediates MPP+’s sequestration

into cellular vesicles. Further, MPP+ toxicity is proportional to the levels of DAT and VMAT2

[325]. This hypothesis could be explored by KD and OE of DAT and VMAT2 in the M17 line

and an exploration of MPP+ sensitivity.

3.3.4 Microarray data following MPP+ treatment in M17 cells

Microarray studies have been performed in other cell lines (although not M17) to investigate

the altered expression of proteins following MPP+ exposure [304–307]. Further, in other disease

areas differentially expressed genes (identified by microarray analysis) have been used as seeds

in the construction of disease related PPIN [341, 342]. Therefore, microarray analysis was

conducted to identify differentially expressed genes in M17 cells following MPP+ treatment.

Although 220 genes were initially identified, none remained statistically significant after correc-

tion for multiple testing - a procedure which is essential in the analysis microarray data [369].

The lack of significant results was surprising as, although three replicates provided limited sta-

tistical power, published studies in other MPP+ in vitro models with similar replicate numbers

had identified differentially expressed genes. Further, the MPP+ treatment regime employed

(24 h, 100 µM) had already been shown to cause apoptotic cell death in M17 cells within this

thesis.

In order to compare the results obtained in this thesis to published studies the 41 genes with at
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least a 1.5 fold change in expression were highlighted, although it is acknowledged that no genes

exhibit statistically significant differential expression. The greatest overlap (four genes) was

found with Mazzio et al.’s study in Neuro-2a cells which identified 287 differentially expressed

genes. It should be acknowledged that the number of genes reported in the Neuro-2a study is

higher than that in the other studies (287 compared to 106 for PC12, 51 for MN9D and 48 for

SH-SY5Y studies), which may explain the greater overlap.

Although the degree of overlap with other studies was low, it should be noted that overlap

between published microarray studies from post mortem PD samples is also low [308]. Ad-

ditionally, when Miller et al studied identical MPTP treated mouse SNpc samples using two

different arrays systems, only approximately 2% of the genes identified were significantly al-

tered on both arrays [303]. None of the published in vitro MPP+ studies were conducted using

Affymetrix arrays used in this thesis and only one was conducted in a human cell line [304].

Regardless, the microarray data will be an invaluable resource for further investigations. Tran-

script levels of individual proteins can be extracted from the dataset and expression predicted,

proteins with very low transcript levels are unlikely to be present at the protein level. Although

not investigated in this thesis, the data on the expression of non-coding mRNAs following MPP+

treatment has not previously been collected and may be valuable to others.

3.3.5 Limitations and biases of assays

Viability assays

As with all assays, the viability assays employed in this thesis had a number of limitations. As

experiments were performed on dividing cells it was impossible to distinguish between cell death

and reduced cell proliferation. To address this issue, experiments would need to be repeated on

differentiated cells.

Further, many of the assays (in particular the ATP, TMRM, neutral red and MTT/MTS assays)

were performed using a plate reader and therefore, values are for the entire well rather than an

individual cell. Consequently, any decrease in cell number would lead to lower readout values

even if ‘per-cell’ values were constant. No significant change in cell number was seen until after

36 h MPP+ treatment; however, decreases in viability reported at later time points are likely to

be partially due to lower cell numbers. Further, cell counts were not repeated in galactose media

and therefore, the reported potentiation of ATP depletion and diminished neutral red uptake

may have been partially due to lower cell numbers. Variations in cell numbers could be allowed
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for by preparing duplicate plates and estimating cell number with a BCA assay.

Beyond, these general considerations, the neutral red assay had several further limitations. Any

increase/decrease in lysosome levels will result increased/decreased neutral red uptake even if

there is no change to lysosome acidification [286]. LAMP1 levels were shown to be unaltered

following MPP+ treatment. However, WB have limited sensitivity and is remains possible that

lysosome levels were altered. Additionally, it was demonstrated that Bafilomycin A1 treatment

resulted in decreased neutral red uptake with no change to cellular ATP levels. Therefore, al-

though ATP depletion results in decreased neutral red uptake, diminished neutral red absorbance

cannot be entirely reliably used as an indicator of ATP depletion.

MTS/MTT reduction is dependent upon glycolysis, which is upregulated immediately following

MPP+ exposure [79, 88]. Therefore, these assays may underestimate cell death, particularly at

early time points and should be used in conjunction with other viability assays.

Flow cytometry

Although flow cytometry analysis was conducted with the assistance of the flow cytometer

technician it is accepted that there may have been flaws in this analysis. The forward/side

scatter plot was gated to select only intact cells. However, any inaccuracies in this gating would

result in erroneous results. Such gating errors would explain the anomalously high proportion

of cells detected as stained for cleaved caspase 3 if many healthy cells were excluded by gating.

It would be helpful to repeat such analysis on non-gated data to investigate the effects of gating

on the conclusions drawn.

The use of live cells for flow cytometry proved problematic as the cell populations on the fluores-

cence plot shifted during in the time taken to run medium to large numbers of samples (2 to 4

h). It is considered likely that this is due to cell death caused by the trypsinisation, resuspension

and staining protocol. It was for this reason that cleaved caspase 3 staining in fixed cells was

also explored.

However, any clumping of cells would lead to them being excluded from analysis and if healthy

or apoptotic cells had different propensities to clump this would bias the estimations of the

extent of cell death under both the caspase-3 and the annexin-V/7AAD protocols. Due to these

limitations, flow cytometry was not further used in this thesis. As a point of interest, it is

noted that initial flow cytometry experiments with SH-SY5Y cells resulted in considerably more

homogenous cell populations as assessed by forward/side scatter.
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Autophagy assays

As discussed extensively, LC3B lipidation is an imperfect measure of autophagic flux. Even

when conducted with a Bafilomycin A1 control, this assay does not provide information about

the amounts of proteins/organelles contained with autophagosomes [350]. Further, there is

considerably redundancy in the LC3 subfamily and other proteins may substitute for LC3B

[353, 370].

The identification of puncta by ICC has similar limitations as this technique provides no in-

formation about the content of the puncta. Further, such data can only provide static ‘snap

shots’ of a dynamic process. The data in this thesis was further limited by the failure to de-

tect autophagosomal and lysosomal puncta colocalisation and the diffuse nature of the LC3B

staining.

Although superior, pulse-chase assays also have limitations. The data provided does not allow

for the distinction between CMA and macroautophagy. Due to the TCA precipitation any

secreted intact proteins would have be excluded from the analysis [287]. Additionally, it was

assumed that the excess of cold valine in culture media would not affect the rate of autophagy,

although this was not tested.

It is further acknowledged that all experiments were conducted in mitotic cells, post-mitotic

cells might be expected to respond differently to autophagic stimuli as damaged proteins and

organelles cannot be diluted by cell division.

Other assays

Although used extensively, WB remain a semi-quantitative technique and small changes to

protein levels may not have been sensitively detected; improved results could be achieved using

ELISA assays. Due to variations in antibody binding affinity, intensities could not be compared

for different proteins. Further, variations in antibody or HRP activity or incubation time limited

the comparison of intensities between different blots necessitating the use of normalised data.

Although HPLC allowed accurate measurement of DA and its metabolites, many of these com-

pounds (including DA) are unstable and light sensitive. Despite all precautions, it is likely that

such breakdown occured and this would have introduced error into the measurement of DA

levels, possibly leading to an overestimate of the extent of DA depletion achieved.
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3.3.6 Summary

In summary, an MPP+ treatment for the M17 cell line was optimised. It was demonstrated

that cell death occurred via an apoptotic mechanism and that ATP depletion was as a result

of blockade of the ETC in accordance with previously published results [73, 79, 209]. However,

depletion of endogenous DA did not affect MPP+ vulnerability in M17 cells. Notwithstanding

the limitations dicussed above, the TMRM and neutral red assays were optimised to allow

characterisation of cell damage in a medium-throughput manner. A pulse-chase assay was

also optimised for use in the M17 cell line and shown to exhibit higher sensitivity than LC3B

lipidation levels as measured by WB. MPP+ treatment led to a decreased rate of autophagic

flux with no evidence of alteration to overall lysosome levels or CMA. TMRM, neutral red and

pulse-chase assays will be used to measure alterations to MPP+ induced cytotoxicity following

the modulation of target proteins. Protein targets will be identified through network analysis

and centred around the role of mitochondrial dysfunction and altered autophagy in the context

of MPP+ induced cell death.
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Chapter 4

Protein-protein interaction networks

4.1 Introduction

Network science is a rapidly evolving area of research and offers a possible route for the analysis

of large amounts of complex data in fields as diverse as biology, computer science and social

interactions [95, 371]. As discussed in Chapter 1, biological systems can be modelled using PPIN

and this thesis aims to use such networks to identify potential points for therapeutic intervention.

PPIN are viewed as the most pertinent network model because changes to protein structure or

abundance may result in pathology in the absence of genetic abnormality. The majority of

currently approved drugs, target proteins which do not correspond to disease causing genes

[273]. Further, in PPIN, edges represent experimentally testable, physical interactions rather

than less well defined relationships or influences. Below follows an introduction to the key

concepts of biological networks.

4.1.1 Key network concepts

A network is a graph made up of nodes (vertices) connected by edges, more mathematically

G = (V,E) where V is the set of nodes (vertices) and E is the set of edges. The degree of a

node is defined as the number of non-self edges it has, that is the number of other nodes it is

connected to [371]. In the context of this thesis, a node represents a protein and an edge signifies

a physical interaction between two proteins. An illustrative network is shown in Figure 4.1. A

path is a series of edges which may be traversed to move from one node to another (such that

an edge exists between each node and its successor) and path length is the minimum number

of steps separating two nodes [371]. The average shortest path length of a connected network

is the average of the lengths of the shortest paths connecting all possible pairs of nodes [371].
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Figure 4.1: An illustrative network. In the case of a PPIN the nodes would represent
proteins and the edges would represent physical interactions between two proteins. Nodes are
sized according to degree; a hub has a high degree and therefore a large size. Nodes are coloured
according to betweenness centrality (BC); the darker the colour, the higher the centrality of a
node. Communities are groups of nodes which interact more strongly with each other than the
network as a whole. In the illustrative network the edges are unweighted and undirected.

The diameter of a network is the longest, shortest path between any two connected nodes - it

can be thought of as the distance from one side of the network to the other [95]. The density

of a network is the proportion of all possible edges which exist. Where every node is connected

to every other node the density is one and where there are no edges then density is zero. Many

real-world networks, including most currently available PPIN, are sparse [371].

Networks may be weighted or unweighted. In an unweighted network all edges are equivalent,

but in a weighted network, some edges are more important than others [371]. Edge weighting

may represent the volume of interaction (for example the number of flights between two airports)

or, the confidence that an edge is accurate [265]. Edges may also be directed, representing an

interaction that only occurs in one direction [371].

Communities within networks

PPIN, in common with many other types of networks, exhibit a modular structure. Some

groups of nodes are more strongly connected to each other than the rest of the network; these

groups are termed communities. In yeast, communities within PPIN typically represent protein

complexes (groups of proteins that simultaneously interact to form multi molecular machinery)

or functional modules [372]. The extent of clustering across a network gives the probability

that two nodes, both connected to a common node, also share an edge. Clustering may be

heterogeneous across PPIN and highly connected groups of old proteins are observed in yeast

PPIN [373].
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Numerous methods have been developed for identifying communities within networks [374]. This

thesis utilised the Potts method for community detection [375] as it has previously been shown

to be effective in PPIN [376] and a package is available for use in R. Lewis et al. used the Potts

method within the yeast PPIN to identify communities and demonstrated that they displayed

significant GO annotational enrichment [376]. Further, the authors showed that, by altering the

resolution parameter (γ), different biological processes could be identified and that the optimal

value of γ depended upon the process that was to be identified. The mean clustering coefficient

of a community was shown to act as a good predictor of its functional homogeneity [376].

Annotational enrichment offers a route to ascribing biological function to PPIN communities.

However, care must be taken as GO annotations may be predicted on the basis of interactions

and the annotation of the proteome is uneven, with some proteins more fully annotated than

others [376].

Degree distribution

Real-world networks have several initially surprising properties. The average shortest path

length across connected networks is low, such that any node can be connected to any other

node in only a few steps - termed the ‘small-world’ property [371]. Further, interactions are not

evenly distributed with most nodes having a low degree, but a few (termed hubs) having a very

high degree [95, 371]. A number of theoretical network models have been applied to try and

explain the properties of real-world networks.

One of the first network models developed was the Erdos-Renyi random graph model in which

all possible edges have an equal probability [377]. The Erdos-Renyi model results in an average

shortest path length for connected networks proportional to the total number of network nodes

(l ∝ logN ) - explaining the small world behaviour observed. However, this model predicts an

binomial degree distribution (frequently approximated as a Poisson distribution) which cannot

explain the occurrence of hubs [95, 371].

An alternative model of ‘scale-free’ networks is characterised by degree distributions obeying

power laws (P (k) ∝ kθ) [371]. The ‘scale-free’ model predicts the occurrence of hub nodes

and (for values of θ between two and three) ultra-small world behaviour (l ∝ loglogN). It has

been suggested that scale-free networks are universal [371], and that biological networks are

scale free [95, 378, 379]. The Barabasi-Albert model accounts for the development of scale-free

networks due to network growth (addition of new nodes) and preferential attachment (new nodes

are more likely to attach to highly connected nodes) [371]; in a biological context a scale-free

94



network might be predicted by gene-duplication [371].

However, more recent work has called the scale-free hypothesis into question and suggested that

assignments of power laws had been made without sufficient statistical rigour or when lacking

data over a sufficient range [380, 381]. Further, Stumpf and Porter suggested that the assignment

of power laws where there is no mechanism to explain their occurrence may be of limited use

[382].

Although none of the available network models fully recapitulate the features of PPIN [383, 384],

hubs remain an important feature of biological networks. Hubs may either be assortative or

disassortative, that is hubs are more or less likely than random to be connected to other hubs.

Both phenomena are observed in real-world networks, but PPIN are generally disassortative

[385]. Further, real-world networks, including biological networks, typically exhibit small world

properties [95, 386] such that a perturbation in one part of the network can rapidly effect the

entire system [386].

Centrality

The concept of centrality measures the importance of a given node for the overall integrity of

the network. One, widely used, measure is the betweenness centrality (BC) (Subsection 2.3.6),

which can be thought of as the number of shortest paths which would be disrupted were a given

node deleted [387]. Numerous extensions of the BC metric have been proposed and algorithms

developed for their efficient calculation including those only considering a subset of paths and/or

nodes [387, 388].

4.1.2 Robustness of PPIN

PPIN (along with other real-world networks) are robust to random deletions, but vulnerable to

targeted attacks [269, 371]. Scale-free networks are predicted to be robust, but a network does

not need to exactly obey the power-law to be robust [371]. The disruptive effect of node deletions

can be measured by network fragmentation which is maximised where nodes are selected for

removal based on their degree or centrality [269, 371, 385]. In experimental systems, such

deletions can be achieved using KO or KD. Theoretical results have been replicated in yeast,

and while some deletions are lethal, the majority of proteins appear to be non-essential, this is

not fully explained by the presence of duplicate copies of genes [389–391].

Although there is considerable redundancy in biological systems under optimal conditions, when
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deletions are combined with stress or low nutrient conditions deleterious effects are more com-

mon. Hillenmeyer et al. showed that 97% of yeast gene KOs have a growth phenotype under

suboptimal experimental conditions [392]. The concept of synthetic lethality is that when per-

turbations are combined with an external stress or genes deleted in combination they are more

likely to affect viability [389, 393]. Although biological systems display considerable redundancy

under optimal conditions, they may not be robust under all conditions nor to multiple deletions.

Such biological redundancy can intuitively be understood; there are alternative pathways for

many biological functions - such that if one is damaged the process can still be completed and

modularity can prevent an attack in one module from effecting the entire system [394].

Currently, the extent to which biological essentiality can be predicted by network topology is

not clear. Jeong et al. demonstrated a correlation between node degree and essentiality in

yeast [395] and others have shown that essentiality (across a number of model organisms) is

related to node centrality in PPIN [396–398]. However there is still debate as to the biological

explanation behind the ‘centrality-lethality rule’ and others question the predictive value of a

node’s topology [399].

4.1.3 PPI data

Recent developments in high-throughput techniques have led to the availability of large amounts

of PPI data, both facilitating and necessitating systems biology approaches [95, 400]. There are

two main types of high-throughput experiment used to collect PPI data: yeast two hybrid (Y2H)

and tandem affinity purification (TAP) [384, 401].

In a Y2H approach, a yeast transcription factor is divided in two with one protein of interest

attached to the DNA binding domain and the other attached to the transcription activating

domain [274]. Only when the two proteins interact is a complete transcription factor formed,

resulting in transcription of a reporter gene. Y2H is an in vitro technique which allows transient

and unstable interactions to be detected [384]. However, all interactions must occur in the

nucleus (not the physiological environment for many proteins), the proteins are expressed at

above physiological levels and only two proteins may be tested at a time [402]. Further, Y2H may

report interactions between proteins that would not come into contact under normal conditions,

due to sub-cellular localisation or temporally different expression [403]. Increasing the utility

of such approaches, the split ubiquitin based system, allows cytosolic and membrane based

interactions to be detected in yeast [302]. An interaction between the two fusion proteins allows
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ubiquitin binding protease mediated cleavage, the release of a transcription factor and subsequent

expression of a reporter gene.

In a TAP experiment a bait protein is tagged and used to purify an entire complex; the members

of the complex are then identified by mass spectrometry. TAP is able to detect complex mul-

timeric species and the purification procedure decreases nonspecific binding compared to other

affinity-based techniques [401, 402]. However, complexes must be able to survive the purifica-

tion process, the technique is less able to detect transient interactions and is biased towards

proteins with a high abundance [384, 401, 402]. Additionally, it is difficult to determine which

interactions are direct and which will not occur in the absence of other complex members [403].

An alternative approach to PPI data is the curation and compilation of large numbers of publica-

tions reporting interactions detected low-throughput methods. However, such databases exhibit

poor reliability and are more vulnerable to experimenter bias [400]. Scientists are more likely to

investigate proteins that they are interested in, primarily those that are thought to play impor-

tant roles in cellular pathways or disease mechanisms, and as more experiments are conducted

with such proteins more interactions are likely to be uncovered. Therefore, proteins at the centre

of active research are likely to have a higher reported number of interaction partners which will

increase their degree, and most likely, centrality in PPIN [276, 400, 404–406].

Although high-throughput PPI data would ideally be validated using low-throughput techniques

(such as confocal microscopy to detect colocalisation, co-immunoprecipitation, surface plasma

resonance studies or spectroscopic studies) [401], they remain a valuable resource and should not

necessarily be considered inferior to that generated through low-throughput methods [276, 406].

It must be acknowledged that although a large amount such of data have been collected, the

human PPIN is far from complete [407]. However, this thesis hypothesises that sufficient data

are available to allow the generation of biologically relevant models.

4.1.4 iRefIndex as a consolidated PPI database

Consolidated databases are created by combining multiple primary PPI databases, providing

the obvious advantage of increasing the quantity of PPI data available in a single place, and

therefore coverage of the underlying PPIN. Increased data coverage is particularly valuable given

the relatively low overlap in the interactions reported from common publications across different

databases [405]. iRefIndex is a consolidated database [288] containing data from BIND [408],

BioGRID [409], CORUM [410], DIP [411], HPRD [412], InnateDB [413], IntAct [414], MatrixDB,

MINT [415], MPact [416], MPIDB [417], MPPI [418] and OPHID [419]. iRefIndex was created
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in four major steps [288]:

1. Each protein (within each database) was assigned a sequence globally unique identifier

(SEGUID) based on its amino acid sequence.

2. Interaction data from the multiple databases was compiled, references for each interaction

were retrieved. Interactions between two partners (binary) or representing complexes were

included.

3. Each protein species was mapped to a redundant object group (ROG). Initially the primary

reference was used to make an assignment, failing this any secondary references and, finally,

the amino acid sequence were used; 96% of interactors were unambiguously assigned to a

ROG, 1.2% were assigned with some ambiguity and 2.8% were not assigned.

4. Each interaction was mapped to a redundant interaction group (RIG) based on concate-

nation of the ROGID for the two species.

At the time of initial release iRefIndex had 21,615 unique human ROGID with 112,466 inter-

actions [288], these numbers have subsequently increased. Significant support for iRefIndex is

provided in the form of the R package iRefR [290]. iRefR, in combination with igraph [289],

facilitates the construction of PPIN, the conversion of ROGID to Uniprot ID, the calculation

of key network properties, the identification of communities and the exportation of data in gml

format.

A key advantage of iRefIndex is the use of canonical identifiers to map all protein isoforms

(including splice variants and differential post translationally modifications) to a common iden-

tifiers. Combining data relating to different isoforms removes what has been identified as a

key source of divergence in the underlying databases [420] and is important as proteins with

multiple splice variants frequently occupy central network positions [421]. The importance of

using a consolidated interaction database was highlighted by the work of Turinsky et al. who

reported that, where two databases cite a common publication, the average overlap in reported

human proteins (nodes) and human PPI (edges) as 58% and 37% respectively [405]. The authors

identified the assignment of interactions to different protein isoforms as a key contributor to this

variation and this problem is eliminated in iRefIndex.

iRefIndex also allows for the consolidation of complex data (interactions involving more than

two partners) from TAP experiments and binary data from pairwise experiments. The reporting

of complex data is a potential source of error in PPIN. Whereas some databases report com-

plex interactions as a list of all proteins identified in the complex, others report the complex
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interaction as a series of binary interactions with a single bait species (spoke expansion) [405].

Such an approach has the risk of reporting proteins to have anomalously high degrees creating

artificial shortcuts across resultant PPIN [420]. Although iRefIndex inherits from its underlying

databases some of the problems relating to the binary expansion of complex interaction data,

a study conducted by Stojmirovic and Yu reported that such spoke expanded complexes were

less prevalent in the iRefIndex human PPI data than that for other species [420]. Where lists of

multiple interacting species are retained, iRefR and igraph provide four methods for representing

complex data:

• Binary - All complex species excluded and only binary interactions included, each node

represents a protein and each edge demonstrates an experimentally proven or predicted

interaction between two proteins.

• Bipartite - Complexes are represented as distinct node type, where a protein has been

shown to form part of a complex an edge is added between the protein node and the

complex node.

• Spoke - The prey node is identified and edges are added between this node and all other

proteins in the complex. The prey node is usually defined as the protein used as bait

during experiments, for example the protein immunoprecipitated. No other edges are

added between complex members unless there is further evidence of an interaction.

• Matrix - All members of the complex are assumed to interact and edges are added between

every complex member and every other complex member.

The flexibility in the use of complex data is a key advantage of iRefIndex as a source of PPI data.

However, retaining only binary interactions may increase the reliability of PPI data. Turinsky

et al. reported an average overlap in reported PPI interactions (across all species) between PPI

databases as 72% for binary data and 29% for complex data where a common citation was given

[405].

Concerns have been raised about the reliability of PPI data [403, 422, 423] and this has resulted

in numerous algorithms to predict the reliability of interactions computationally [422, 424, 425].

However in 2012, Mora and Donaldson demonstrated better predictive power in PPIN generated

from all data contained within iRefIndex than when using, supposedly, more reliable datasets

[426] and weak links have been proposed to play a critical role in stabilising networks [427].

Further, Hakes et al. suggested that creating high confidence datasets may introduce additional

bias and alter key topological features of the resulting network [406]. The authors proposed that

although high confidence interaction sets may be reliable, they are unlikely to be representative

99



of the underlying network [406].

4.1.5 Applications of biological networks

There have already been some successes in the biomedical applications of network science, most

prominently in the identification of disease causing genes and the investigation of the properties

of existing drugs [265].

Cancer

Network approaches have gained particular traction in the field of oncology as cancers rapidly

develop resistance and therefore multi-targeted approaches are essential [265]. Further, the

concept of synthetic lethality (Subsection 4.1.2) allows tumours to be sensitised to treatments

based on their differential gene expression patterns [393]; siRNA screens have been conducted

to identify mutations that sensitise cancers to a given drug [404, 428].

Folger et al. constructed a generic cancer metabolic network by sampling a general metabolic

network using a seedlist of metabolic enzyme-coding genes that are highly expressed across

cancer cell lines [283]. The authors identified enzymes whose deletion was expected to be se-

lectively toxic in cancer cells (compared to non-dividing human cells) and showed that this set

of enzymes was significantly enriched in targets of FDA approved metabolic anti-cancer drugs.

Further, pairs of enzymes predicted to be synthetically lethal were identified and pairs where

one enzyme was selectively inactivated in some cancer lines were identified, in such cases it was

predicted that an inhibitor of the other half the pair would be selectively toxic to cancer cells

[283].

PPIN have also been used, in conjunction with gene expression data, to predict survival and

identify biomarkers in breast cancer patients [299, 429]. Taylor et al. identified hubs within a

human PPIN and classified hubs as inter (co-expressed with partners in a tissue specific manner)

and intramodular (co-expressed with partners across all tissues). The removal of intermodular

hubs had a greater effect on network topology and mutation of these proteins was more commonly

associated with cancer [429]. The hubs were then studied in a cohort of breast cancer patients.

Although expression levels of hubs were not altered, the differences in their correlation patterns

were used to build a prognostic signature predicting patient survival. For example, BRCA1

expression is strongly correlated with that of its interaction partners only in patients with good

outcomes [429].
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Jahid et al. used a Steiner approach to connect genes differentially expressed in breast cancers

within a PPIN [299]. By altering network weighting, a series of random Steiner networks were

generated and consistent non-leaf nodes corresponding to differentially expressed proteins were

identified. These potential biomarkers were then used to train classifiers to separate metastatic

and non-metastatic patients [299].

Identification of disease genes

It has been demonstrated that proteins corresponding to genes related to the same diseases are

more likely to interact, share common GO annotations and tissue expression patterns [291, 398].

These groups of related proteins have been termed ‘disease modules’ [96], and the proteins

connecting disease modules suggested as potential intervention points [430]. Disease genes do

not seem to be associated with genes encoding essential proteins nor are they more likely to

be hubs than would be expected at random [398]. A possible explanation is that mutations

in essential genes typically result in embryonic lethality and therefore, are not associated with

observed diseases. Further, disease related genes tend to be tissue specific [398].

Numerous network methods have been used to identify disease related genes or prioritise long

lists of potential targets resulting from GWAS or microarray studies [265, 431]. Integrated

networks, built using multiple forms of data (edges based on co-expression, PPI, interactions in

KEGG pathways and common GO annotations) have been constructed and novel disease genes

identified based on their closeness to groups of known disease genes [432, 433]. Alternative

approaches have considered random walks starting at known disease genes [434], rather than

shortest paths and Navlakha and Kingsford created an algorithm that combined random-walk,

clustering and neighbourhood metrics to determine disease causing genes based on known genes

in PPIN [435]. In a different approach, gene lists were prioritised based on their centrality in

networks integrating genomic and phenomic data from a number of disease related sources [311].

A recent alternative to ‘guilt by association’ methods involved comparing the gene co-expression

networks of Crohn’s disease patients and controls to prioritise GWAS signals [436]. Similarly

to the work of Taylor et al. [429] in breast cancer, the authors demonstrated that disease

related genes are more likely to show altered co-expression behaviour in patients than controls

- a phenomenon labelled ‘guilt by rewiring’ [436].

Moving beyond the idea of single causative genes, Noh et al. demonstrated genetic epistasis

in ASD [293]. The authors generated an ASD PPIN centred on causal copy number variants

whose mouse KO models had phenotypes related to ASD. The ASD network showed increased
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connectivity (compared to random models) and most patients had copy number variations in

multiple ASD network proteins. Epistatic diseases, where multiple mutations lead to a phe-

notype, further undermine the concept of a pharmaceutical ‘magic bullet’ targeting a single

site.

Drug networks

Drug networks connect proteins based on their interaction with common drugs, or drugs based

on common protein targets. Although not conducted as a network analysis, the work of Borisy

et al. demonstrated that drugs may have synergistic effects that are not seen when either drug

is administered in isolation [277], the next logical step would be to design treatments based

around multiple interventions.

Drug networks have demonstrated that promiscuity of current drugs, in one such analysis 35%

of the drug like molecules were found to bind to multiple proteins [437]. Additionally, protein

drug targets are enriched in GO annotations corresponding to membrane proteins, receptors,

transcription factors and cell signalling components [438], these protein classes are commonly

considered druggable by the pharmaceutical industry [271]. Yildrim et al. created a network

of FDA approved drug, linked where they shared common targets [273]. Of the 890 drugs

included, 476 existed in a common component demonstrating that currently approved drugs

show a high degree of overlap in their protein targets. Through a comparison with disease genes

the authors demonstrated that the majority of drugs are palliative, rather than etiological -

that is the targeted proteins are not the underlying cause of the disease [273]. Keiser et al.

extended their drug networks to include experimental validation of their predictions. Having

used a network approach to predict off target effects of 3665 FDA approved or investigational

drugs, they experimentally confirmed 23 new drug target interactions [439].

Target identification from PPIN

In their comprehensive review of molecular networks for drug discovery, Csermely et al. describe

PPIN as ‘one of the most promising network types to identify new drug targets’ [265]. Much

work has been conducted characterising the topological properties of current drug targets within

PPIN and it has been suggested that future drug targets will have similar properties [273]. There

is some disagreement as to what the ideal topological properties of a drug are, but the majority

of reports suggest that drug targets have a somewhat higher degree and higher centrality than

other proteins within the network [426, 440].
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The 2012 work of Mora and Donaldson is particularly pertinent to this thesis [426]. The authors

used iRefIndex to investigate whether topological features of nodes are good predictors for

current drug targets. Their results confirmed previous studies and indicated that degree and

centrality are both predictors for drug targets within PPIN. PPIN constructed using all the data

contained within iRefIndex gave better prediction results than any of the PPIN constructed from

supposedly more reliable data including low-throughput, non-predicted and annotation based

scoring methods. Further, the form of complex representation (binary, spoke or matrix) did not

affect their conclusions. Drug targets for oncology drugs appeared to have a different behaviour

to drug targets as a whole and the authors cautioned that predictive value of node topology may

vary according to disease area. Finally, the targets of withdrawn drugs had higher centralities

than drug targets as a whole and the authors suggested that high degree may correspond to an

increased risk of side effects [426].

Beyond oncology, most studies identifying drug targets using PPIN analysis has been focussed

on infectious species (i.e. bacteria, fungi and viruses) [265]. Ideal therapeutics for these disease

achieve maximum disruption and lethality (of the infectious agent) which can be modelled as

network disruption, denoted the ‘central hit strategy’ by Csermely et al. [265]. Therefore hub

proteins are suitable targets and these are readily identified through network analysis [281].

Following the identification of central nodes in PPIN, drug targets in Mycobacterium tubercu-

losis [279, 280], Pseudomonas aeruginosa [441] and methicillin-resistant Staphylococcus aureus

(MRSA) [281] have been suggested, although there has been little experimental validation of net-

work predictions. Raman et al.’s work in Mycobacterium tuberculosis is particularly exciting as

the authors identified multiple proteins whose combined deletion was predicted to have maximal

network impact [280]. Although the edges in their network represented metabolic relationships

(rather than physical interactions), Raman et al.’s results demonstrated that combinations of

protein deletions may have non-synergistic effects.

Beyond the fields of cancer and antibiotics, drugs must strike a balance between targeting central

(often essential) proteins and peripheral nodes whose modulation will have little effect on the

system as a whole [265]. It has been demonstrated that bridging and intermodular nodes are

primary transmitters of network perturbations and such nodes have been suggested as ideal

intervention points [442]. Hwang et al. developed, and patented, the bridging centrality (CR)

metric which they suggested would identify suitable drug targets [324, 443] (Subsection 2.3.6).

While many centrality metrics strongly favour nodes with high degrees, the CR was designed to

identify nodes which act as critical connection points between highly connected communities, but

may not have a high degrees themselves [324]. Hwang et al. demonstrated that their metric was
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capable of identifying bridging nodes in a range biological networks, that removal of bridging

nodes caused significant disruption to real-world networks (as measured by average shortest

path length) and that removal of top bridging nodes allowed the identification of communities

[324]. The authors explored their metric in the context of a yeast PPIN and demonstrated that

bridging nodes connect sub-regions of the network associated with particular biological functions

[443]. The removal of bridging nodes was less likely to be lethal than those with the highest

BC and they had less correlated gene expression. Therefore, the authors proposed that bridging

nodes, identified by their network topology, represented potential drug targets and the authors

were able to, retrospectively, identify drug targets within disease networks [443].

PPIN for neurodegenerative disorders

While much disease-network analysis has focussed on the fields of oncology and infectious agents

there are some examples of networks modelling neurodegenerative disorders. Network techniques

have received particular attention in the field of Alzheimer’s disease (AD), although most studies

have focussed on the disease’s aetiology, rather than identifying potential sites for therapeutic

interventions.

The first studies focussed on building networks between genes differentially expressed in the

brains of AD patients. Ray et al. used differentially expressed genes to build a gene network and

then identified communities [300]. One of these communities was enriched in genes implicated

in cardiovascular disease; the authors suggested that cardiovascular disease and AD are linked

by common biochemical pathways [300]. A similar study, using genes with altered expression in

the hippocampus of AD patients, was able to identify the transcription factor CREB as a key

regulator of genes with altered expression in AD [312].

More recent studies have combined such microarray analysis with PPIN to identify underlying

disease pathways. Hallock et al. generated an AD PPIN around a set of seed proteins known

to be implicated in AD. The authors then added gene expression data and identified cluster of

differentially regulated proteins within their network. Two such clusters were identified corre-

sponding to the MAPK/ ERK pathway and clathrin-mediated receptor endocytosis, the authors

suggested that these pathways were key to AD aetiology [313]. In a similar study it was shown

that genes differentially expressed in AD had higher BC in PPIN than their neighbours [444],

demonstrating that topological properties may have disease relevance.

In an alternative approach to the use of microarray data, Liang et al. identified genes with

differential expression in six brain regions of AD patients (following laser microdissection of
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neurones) and used these genes to form induced subgraphs corresponding to each of the brain

regions sampled [301]. Hubs were identified in each subgraphs and the hub proteins were shown

to form a connected network across the six brain regions. The proteins in the hub network

were specifically perturbed in AD (microarray data was used to compare expression in other

neurodegenerative diseases), enriched in proteins known to be constituents of amyloid plaques

and neurofibrillary tangles and the expression of genes corresponding to these hub proteins

was correlated with AD progression. Further, the authors reported that the hub network was

enriched in targets for rapamycin and curcumin and that these molecules should be considered

as potential AD therapeutics targeting multiple disease related proteins [301].

A further study based on identifying potential drug targets was conducted by Rao et al. who

generated an AD PPIN based on sampling from a set of 136 disease related proteins [282]. The

authors identified the nodes with the highest degree and suggested that these proteins might be

suitable drug targets.

Surprisingly, network approaches have been little utilised for neurodegenerative disorders be-

yond AD [265]. However, Limviphuvadh et al. created PPIN to model six neurodegenerative

disorders (including PD) starting from 13 causative genes (some neurodegenerative disorders

have multiple associated genes and there is also overlap between the diseases) and used HPRD

and a hand curated set of PPIs to extend their network [314]. The six PPIN were overlaid

and common proteins were identified. The 14-3-3 family proteins were significantly enriched in

the combined PPIN and the authors suggested that these proteins may play an important role

in neurodegenerative disorders; however, there was no experimental validation of the paper’s

predictions [314].

Relating specifically to PD, the 2012 thesis of Matthias Konn centred on the construction of a

PPIN around α-synuclein with the goals of elucidating protein function and identifying potential

therapeutic targets [302]. The author used a number of Y2H and TAP based approaches to

validate PPI for WT and mutant forms of the protein resulting in a set of 135 high confidence

interactors that had been validated using at least two techniques, only eight of these interactions

been previously published. The author then identified interactors which had been previously

shown to modulate α-synuclein toxicity in model organisms and identified 33 human proteins

whose expression in S.cerevisiae altered α-synuclein toxicity - many of the proteins identified

had roles in cellular transport. Konn’s study has a number of important implications for this

thesis. First, proteins capable of modulating in vitro PD models can be identified through PPI.

Second, high-throughput PPI data can be validated and gives biologically relevant results (the

author demonstrated relevant GO annotational enrichment in lists of α-synuclein interactors).
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Finally, even around well studied proteins, PPI data is incomplete with many interactions still to

be recovered; the most complete set of interactions may be generated using data from multiple

techniques [302]. A similar approach was taken by Beilina et al. who screened for LRRK2

interactors and through PPI data were able to elucidate a role for LRRK2 in the clearance of

trans-Golgi derived vesicles [445].

Finally, in August 2014, Rakshit et al. published a studying using PPIN to identify potential

PD biomarkers [446]. PPIN were constructed where nodes represented proteins differentially

expressed in the brains of PD patients and edges were derived from a compilation of exper-

imental PPIN databases. The authors identified critical genes based on their topology (high

degree, or low degree in combination with high BC), clique membership and association with

neurotransmitters. Based on their analysis, 12 proteins not previously associated as PD were

suggested as potential biomarkers [446].

Both this thesis and the work of Rakshit et al. identify critical proteins in PD related PPIN

through a combination of topological network analysis and biological intuition. However, there

are key distinctions. Rakshit et al. aimed to identify biomarkers in a PD network sampled from

a long list of proteins corresponding to differentially expressed genes. In contrast, this thesis

was centred on the analysis of MPP+ PPIN generated by sampling from a shorter manually

created list of proteins known to have a role in the early stages of MPP+ pathology. Further,

the goal of this thesis was to identify intervention points regardless of whether these proteins

had altered expression levels following MPP+ treatment. Although Rakshit et al. generated a

list of suggested biomarkers, there is no experimental validation of their work; a key goal of this

thesis is to test the predictions of network analysis in vitro.

Experimental validation of network approaches

Many disease related network analyses have lacked experimental validation. However, there are

some exciting exceptions which highlight the potential opportunities.

Behrends et al. generated a PPIN of the human autophagy system [447]. The authors elucidated,

and confirmed, all the PPIs of 32 proteins linked to autophagy using TAP and generated a PPIN

with 409 nodes. Within the resulting PPIN the authors demonstrated a significant enrichment

in GO terms relating to vesicle transport, proteolysis, signal transduction and phosphorylation.

Proteins within the PPIN were KD using siRNA and for some, but not all, nodes KD resulted

in altered autophagic flux. Although the proteins for modulation were not selected on the basis

of network analysis, this publication formed an important precedent for this thesis which aims
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to identify proteins whose modulation might result in altered behaviour.

An example of experimental validation of target identification from PPIN analysis comes from Li

et al.’s work in oncology [448]. The authors found that known cancer genes had distinct topology

in PPIN compared to other genes, with increased average degrees and clustering coefficients

and shorter average shortest path lengths to other known cancer genes [448]. The authors

used topological network properties, along with GO enrichments and sequence information to

construct a machine learning algorithm able to identify new cancer genes and validated their

predictions through a siRNA KD screen; KD of predicted cancer genes led to decreased viability

in a cancer cell line. The authors suggested that these genes could act as future therapeutic

targets [448].

However, there are no examples of protein targets, identified through network analysis, being

validated in experimental models of neurodegenerative disorders.

4.1.6 Aims of chapter

The key objective of this chapter was to use a network approach to identify proteins whose

modulation was expected to alter neurotoxicity in an MPP+ model of PD. In order to achieve

this objective there were a number of subsidiary aims:

1. Development of a suitable seedlist of MPP+ relevant proteins.

2. Use of the seedlist and publically available PPI data to sample MPP+ relevant PPIN.

3. Characterisation of the resultant PPIN including the identification of central nodes and

biologically relevant communities.

4. Comparison of the PPIN resulting from different sampling techniques and datasets.

5. Testing of previously reported methods for target identification by network analysis.

6. Development of novel techniques for network analysis to facilitate the identification of mul-

tiple proteins predicted to modulate biological cross talk between systems-level processes

involved in MPP+ toxicity.

Andrew Elliott (a fellow DPhil student) has conducted extensive research into PD related PPIN

from a more theoretical perspective. His work has centred on the bias induced by sampling in

PPIN and how this affects community detection. In collaboration with Andrew, pairs of nodes

whose deletion was predicted to have maximal network impact were identified.
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4.2 Results

4.2.1 iRefIndex as a source of PPI data

iRefIndex was downloaded and used to generate binary, bipartite, spoke and matrix PPIN

including all, all experimental and all low-throughput data as outlined in Subsection 2.3.1. The

number of nodes, edges and the network density were calculated for each PPIN and are shown

in Table 4.1. As data (either predictive or high-throughput) were excluded the number of nodes,

edges and density all decreased. Bipartite PPIN had more nodes than other forms of complex

representation, as an additional node was introduced for each complex species. Binary PPIN

had a similar number of nodes to other forms of complex representations, but fewer edges as

interaction-data relating to complex species were excluded. The PPIN constructed using the

matrix method had 3-4 times as many edges as when other complex representations were used,

as an edge was added between each complex member.

Dataset Complex Representation Nodes Edges Density

All interactions binary 16334 117056 8.8x10−4

Experimental interactions binary 15298 90628 7.7x10−4

Low-throughput interactions binary 10353 42319 7.9x10−4

All interactions bipartite 23217 159670 5.9x10−4

Experimental interactions bipartite 22292 133242 5.4x10−4

Low-throughput interactions bipartite 14353 57771 5.6x10−4

All interactions spoke 17105 133350 9.1x10−4

Experimental interactions spoke 16180 107249 8.2x10−4

Low-throughput interactions spoke 11203 48801 7.8x10−4

All interactions matrix 17105 422455 2.9x10−3

Experimental interactions matrix 16180 398380 3.0x10−3

Low-throughput interactions matrix 11203 154459 2.5x10−3

Table 4.1: iRefIndex can be used to form human PPIN. A series of datasets was con-
structed by removing first predicted and then high-throughput data and then used to generate
PPIN using different methods to represent data pertaining to complex interactions. Binary
PPIN do not include data from complex interactions. In the bipartite PPIN a second type of
node is introduced to represent complex species. The spoke model links all members of the
complex to the prey species and the matrix model links all members of the complex to each
other.

4.2.2 Seedlist construction

A systems-level model of MPP+ induced toxicity and PD was constructed following a thorough

literature review (Section 1.4) and exploration of relevant KEGG pathways [295]. Figure 4.2 il-

lustrates the interplay between the systems-level processes implicated in PD and MPP+ toxicity,

resulting in eventual cell death. Whereas PD can be triggered by dysfunction is several systems-

108



level processes (mitochondrial dysfunction, α-synuclein, autophagy), MPP+ toxicity is triggered

by mitochondrial insult, with all other cellular dysfunction lying downstream. Potential seeds

for each systems level process were identified as outlined in Subsection 2.3.2. High degree seeds

were excluded as such proteins are likely to be important to generic cellular processes rather

than bringing particular insights to MPP+ pathology and a single high degree seed can have

a disproportionate effect on the sampled PPIN. Only a small number of putative seeds had a

degree exceeding 100 (Figure 4.3), but the following were removed: ABL1, JNK, Caspase-3,

Caspase-8, Akt, BCL-2, MAPK, PARP1, P53 and GSK-3β. Putative seeds involved in the

later stages of apoptosis were also removed as this thesis was most interested in interventions

at the earliest stages of toxicity leading to the removal of: Caspase-9, ASK1, Daxx, AIF and

Puma. The final seedlist of 40 proteins was divided into six systems-level biological processes

corresponding to those identified as central in MPP+ toxicity (Tables 4.2, 4.3, 4.4, 4.5, 4.6 and

4.7).

Figure 4.2: MPP+ pathology and Parkinson’s disease (PD) can be viewed as the
interplay of systems-level processes. Systems-level processes are represented by boxes
and the interplay between processes is shown through arrows. Familial PD can be triggered by
mutations in genes in several systems-level processes (mitochondrial (PINK1, parkin), autophagy
(GBA, ATP13A2), α-synuclein & MAPT) sporadic PD is thought to be due to the interplay
of these processes. In MPP+ models of PD, all cellular dysfunction lies downstream of initial
mitochondrial insult. However, many of the systems-level dysfunctions associated with PD are
replicated in the MPP+ model.

4.2.3 Use of DAPPLE to validate the seedlist

DAPPLE (Subsection 2.3.1) was used to test whether the seedlist proteins were more connected

than would be expected at random. It should be noted that although this PPIN shared a common

seedlist with the networks analysed later in this thesis, the DAPPLE network was sampled from
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Figure 4.3: Most putative seed proteins have a low degree. Degree of potential seeds was
measured using Cytoscape, potential seeds with a degree exceeding 100 were excluded from the
final seedlist.

Protein UniprotID Function References UniprotKB

Dual speci-
ficity mitogen-
activated
protein ki-
nase kinase 4
(MAPKK4)

MP2K4 Apoptosis regulation. Part of MAP-
K/ERK pathway. Phosphorylated by
LRRK2 and ASK1.

[152, 203] P45985

Apoptotic
protease-
activating
factor 1
(APAF1)

APAF Regulates apoptosis. Downstream of
cytochrome C release.

[449] O14727

BH3-
interacting
domain death
agonist (BID)

BID Proapoptotic. BCL-2 family. Interacts
with BAX leading to its insertion into
membranes and cytochrome C release.

[213, 328,
331, 450]

P55957

Apoptosis reg-
ulator BAX

BAX Proapoptotic. Normally found in cy-
tosol and then insets into membranes
upon apoptotic stimuli allowing cy-
tochrome C release form the mitochon-
dria. Regulated by P53.

[213, 328,
331, 450]

Q07812

Table 4.2: Apoptosis seed proteins. Proteins which have been, independently, experimen-
tally shown to be involved in the apoptotic stage of MPP+ induced cell death. References give
evidence of each protein’s involvement in MPP+/MPTP pathology. No protein with a degree
exceeding 100 is included and proteins involved in the later stages of apoptosis have been ex-
cluded. The seedlist was used to sample from iRefIndex to create, smaller, PPIN enriched in
MPP+ relevant processes.

the InWeb PPI database (not iRefIndex) and did not include cross links between non-seed nodes

(Figure 4.4). The direct edge count, seed direct mean degree, seed indirect mean degree and

common interactors mean degree were all higher than expected based on random PPIN and

corrected P values indicated statistically significant increased connectivity in the seedlist PPIN
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Protein UniprotID Function References UniprotKB

Microtubule-
associated pro-
teins 1A/1B
light chain 3B
(LC3B)

MLP3B PE conjugation allows autophagosomal
maturation and autophagic cargo tar-
geting. MPP+ leads to dephosphory-
lation. Higher levels in PD patient
brains.

[149, 351] Q9GZQ8

LAMP2A LAMP2 Essential for CMA. Blocked by mutant
forms of α-syn or DA modified α-syn.
Decreased levels of LAMP2A increase
the lifetime of α-syn.

[347] P13473

Heat shock
cognate pro-
tein of 70 kDa
(HSC70)

HSP7C Recognises pentapeptide sequence to
target molecules for CMA.

[189, 451] P50502

Activating
molecule
in BECN1-
regulated
autophagy
protein 1
(AMBRA1)

AMRA1 Activates autophagy. Interacts with
Parkin. Induces mitophagy.

[452] Q9C0C7

Beclin1 BECN1 Autophagy initiation. [357, 361] Q14457

Ubiquitin
carboxyl-
terminal
hydrolase
isozyme L1

UCHL1
(UCHL1)

Deubiquitinates. Trafficking. Muta-
tions lead to recessive familial PD.

[453] P09936

Interleukin-12
subunit α
(IL12A)

IL12A Proteasome mediated MPP+ induced
cell death.

[454] P29459

Table 4.3: Autophagy seed proteins. Proteins which have been, independently, experimen-
tally shown to be involved in autophagy following MPP+/MPTP treatment, references give
evidence for each protein’s involvement. No protein with a degree exceeding 100 is included.
The seedlist was used to sample from iRefIndex to create, smaller, PPIN enriched in MPP+

relevant processes.

(Table 4.8). The increased connectivity was consistent with the seed proteins being involved in

a single disease process, although not conclusive of such a relationship. However, evidence of

increased connectivity may be somewhat circular as proteins involved in the same disease are

more likely to be investigated simultaneously and their interactions exposed.

Following initial analysis, corrected P values for the indirect and direct degrees of each of the

seed in the DAPPLE PPIN were calculated using DAPPLE, the lowest corrected P value is

reported. Of the seed proteins, 14 had corrected P values of less than 0.05 indicating that

they had higher degrees than would be expected at random (Table 4.9). A number of common

interactors also had degrees with corrected P values of less than 0.05 in the indirect DAPPLE
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Protein UniprotID Function References UniprotKB

Aromatic-L-
amino-acid
decarboxylase
(AADC)

DDC Conversion of L-DOPA to DA. [455] P20711

Tyrosine 3-
monooxygenase
(TH)

TY3H Converts tyrosine to L-DOPA, rate
limiting step in DA synthesis.

[456] P07101

Synaptic vesic-
ular amine
transporter
(VMAT2)

SLC18A2 Packages DA and MPP+ into vesicles.
Relative levels of VMAT and DAT are
thought to explain differential neurone
vulnerability.

[115, 325] Q05940

Sodium-
dependent
dopamine
transporter
(DAT)

SC6A3 Uptake of DA and MPP+. Relative
levels of VMAT and DAT are thought
to explain differential neurone vulnera-
bility.

[114, 115,
325]

Q01959

Table 4.4: Dopamine seed proteins. Proteins which have been, independently, experimentally
shown to be involved in DA homeostasis, following MPP+/MPTP treatment, references give
evidence for each protein’s involvement. No protein with a degree exceeding 100 is included.
The seedlist was used to sample from iRefIndex to create, smaller, PPIN enriched in MPP+

relevant processes

PPIN (Table 4.10). Those not previously considered as seeds were investigated using PubMed,

but no additional experimental evidence of their involvement in MPP+ pathology was found.

Caspase-8 and BCL2 had already been rejected as potential seeds due to their high degree.

4.2.4 Sampling of PPIN

Using the set of underlying PPIN (Table 4.1) and the seedlist of 40 MPP+ related proteins,

sampling was conducted as outlined in Subsection 2.3.3 to construct smaller PPIN enriched

in MPP+ relevant processes. Two sampling methods (shortest-path and the 1-hop) were used

to construct PPIN to facilitate a comparison between sampling approaches. Sampling was

repeated for the same seedlist for each of the 12 underlying PPIN reflecting the four different

approaches for dealing with complex interactions (binary, bipartite, spoke or matrix) and the

three different datasets (all data, all experimental, all low-throughput) resulting in twelve PPIN

for each sampling approach (Tables 4.11 and 4.12). All sampled networks were connected. The

degree distributions of the PPIN generated by both 1-hop and shortest-path sampling using the

underlying experimental binary PPIN are also shown (Figure 4.5).

As seen in the underlying PPIN, exclusion of predictive and high-throughput data led to a

decrease in the number of nodes and edges. Data exclusion also resulted in an increase in
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Protein UniprotID Function References UniprotKB

Heat shock
protein 75 kDa

TRAP1 Phosphorylated by PINK1. Maintains
mitochondrial function and polarisa-
tion. Mitochondrial analogue of Hsp90,
binds to TNF type 1 receptor associ-
ated protein.

[457, 458] Q12931

Dynamin-1-
like protein
(DRP1)

DNM1L Mitochondrial fission. [201, 203,
204]

O00429

Transcription
factor A, mi-
tochondrial
(TFAM)

TFAM Mitochondrial transcription factor.
Pro-survival. Decreases ROS produc-
tion.

[199, 203] Q00059

BAX BAX Proapoptotic. Normally found in cy-
tosol and then insets into membranes
upon apoptotic stimuli allowing cy-
tochrome C release form the mitochon-
dria. Regulated by P53.

[213, 331] Q07812

E3 ubiquitin-
protein ligase
parkin

PRKN2 Ubiquitin ligase. Lies downstream of
PINK1 in targeting depolarised mito-
chondria for mitophagy. Important for
mitochondrial fission. Mutations lead
to familial recessive PD.

[365] O60260

Protein DJ-1 PARK7 Removes reactive oxygen species. In-
volved of regulation of mitochondrial
dynamics through DRP1. Degraded by
MMP3. Mutations lead to familial re-
cessive PD.

[201] Q99497

Serine pro-
tease HTRA2l

HTRA2 Normally mitochondrial. Relocates to
cytosol. Leads to MMP-3 activation.

[328, 459] O43464

Voltage-
dependent
anion-selective
channel
protein 1
(VDAC1)

VDAC1 Forms a channel through the mito-
chondrial outer membrane and also the
plasma membrane.

[328, 451] P21796

PTEN-
induced
putative
kinase protein
1 (PINK1)l

PINK1 Kinase, recruits parkin to depolarised
mitochondria. Involved in mitochon-
drial quality control. Familial muta-
tions lead to familial recessive PD.

[457, 458] Q9BXM7

Table 4.5: Mitochondrial seed proteins. Proteins which have been, independently, experi-
mentally shown to be involved in mitochondrial dysfunction following MPP+/MPTP treatment,
references give evidence for each protein’s involvement. No protein with a degree exceeding 100
is included. The seedlist was used to sample from iRefIndex to create, smaller, PPIN enriched
in MPP+ relevant processes

average shortest path length and decrease in average node degree. Average PPIN transitivity was

lowest for PPIN constructed using only experimental data indicating decreased global clustering.
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Protein UniprotID Function References UniprotKB

Sepiapterin re-
ductase

SPRE Catalyses final step of tetrahydro-
biopterin synthesis.

[79, 335,
460]

P35270

Nitric oxide
synthase,
brain

NOS1 NO is a radical scavenger. Antioxidant.
Regulated by BH4.

[115, 335,
366]

P29475

Catalase CATA Decomposition of peroxides. Protects
cells against oxidative stress.

[461] P04040

Glutathione
peroxidase 1

GPX1 Antioxidant. Catalyses reaction of
GSH with hydrogen peroxide.

[98, 210,
461]

P07203

Glutamate-
cysteine ligase

GSH1 Glutathione biosynthesis. [210] P48506

Glutathione
synthetase

GSHB Glutathione biosynthesis. [210] P48637

Glutathione
reductase

GSHR Reduction of oxidised glutathione. [210, 461] P00390

GTPCH GCH1 Synthesis of tetrahydrobiopterin. [79, 215,
460]

P30793

Aconitate
hydratase
(Aconitase)

ACON Inactivated by ROS. Stimulates iron
uptake. Mitochondrial stress. Re-
quired for cell death following MPP+

stress.

[98, 211,
215, 460]

Q99798

Serotransferrin TRFE Transferrin receptor facilitates uptake
of iron loaded transferrin. MPP+ up-
regulates TfR expression leading to ox-
idative stress.

[98, 215,
460]

P02787

Superoxide
dismutase
[Cu-Zn]

SOD1 Removes free radicals - cytosolic. [145, 189,
212, 461]

P00441

Superoxide
dismutase
[Mn]

SOD2 Removes free radicals - mitochondrial. [189, 461] P04179

Table 4.6: Oxidative stress seed proteins. Proteins which have been, independently, experi-
mentally shown to be involved in oxidative stress following MPP+/MPTP treatment, references
give evidence for each protein’s involvement. No protein with a degree exceeding 100 is in-
cluded. The seedlist was used to sample from iRefIndex to create, smaller, PPIN enriched in
MPP+ relevant processes

Predicted interactions are likely to increase clustering as proteins with common interaction

partners will be predicted to interact. In contrast, high-throughput experiments are more likely

to reveal interactions between proteins which were previously thought to be unrelated (due to

the less hypothesis driven nature of high-throughput experiments). The exclusion of predicted

data and inclusion of high-throughput PPI would be expected to result in lower clustering within

experimental PPIN.

The PPIN constructed using the matrix method had considerably higher average degrees, den-

114



Protein UniprotID Function References UniprotKB

Stromelysin-1 MMP3 Truncates C terminal of α-syn. Colo-
calises with LB.

[104, 459,
462]

P08254

α-Synuclein SYUA Membrane protein, involved in DA
transport and release. Major compo-
nent of LB. Mutations and duplication-
s/triplications lead to familial domi-
nant PD. KD protects against MPP+

toxicity.

[97, 99,
100, 114,
115, 215,
463]

P37840

β-Synuclein SYUB Found in pre-synaptic terminals, has
significant similarity with α-synuclein
and may have overlapping function.

[464] Q16143

γ-Synuclein SYUG Found in pre-synaptic terminals, has
significant similarity with α-synuclein
and may have overlapping function.

[465] O76070

Microtubule-
associated
protein tau

TAU GWAS studies link SNPs within the
MAPT locus with an increased risk of
PD. Stabilises microtubules. Encour-
ages α-synuclein fibrillisation.

[130, 131,
463]

P10636

Table 4.7: Synuclein seed proteins. Proteins which have been, independently, experimentally
shown to be related to the synuclein family in the context of MPP+/MPTP toxicity, references
give evidence of each protein’s involvement. No protein with a degree exceeding 100 is included.
The seedlist was used to sample from iRefIndex to create, smaller, PPIN enriched in MPP+

relevant processes

Parameter Observed Expected P Value

Direct edges count 16.0 2.6 0.0001
Seed direct degrees mean 1.6 1.0 0.0272
Seed indirect degrees mean 22.0 13.6 0.0051
Common interactors degrees mean 2.62 2.2 0.0003

Table 4.8: A DAPPLE PPIN generated from the seedlist is more connected than
would be expected at random. Statistics for direct and indirect DAPPLE PPIN constructed
from seed nodes using DAPPLE to sample from the InWeb database. P values were calculated
based on 10,000 permutations from a background population of DAPPLE PPIN generated by
within-degree node-permutations.

sities and transitivities and lower average shortest path lengths than other networks due to the

addition of edges between all complex members. The matrix networks were not used for further

analysis. The PPIN formed through other forms of complex representation were broadly similar

though the bipartite PPIN had additional nodes and consequent lower densities and average

degrees.

PPIN sampled using the shortest-path approach had more nodes and edges than those generated

by 1-hop sampling. Shortest-path PPIN typically exhibited a higher average degree and density

and shorter average shortest path lengths. Shortest-path sampling is based around the minimi-

sation of path lengths between seed nodes and therefore smaller average shortest path lengths
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Figure 4.4: A PPIN can be generated from the seedlist using DAPPLE. A PPIN was
constructed from the InWeb databvase using DAPPLE to sample from the seedlist. Seed proteins
are coloured according to P values for their connectivity. Common interactors (non-seed nodes)
are coloured grey.

were expected. Only seed nodes can exist as ‘leaf’ nodes following shortest-path sampling and

increased densities and average degrees are, therefore, a consequence of shortest-path sampling.

As can be seen in Figure 4.5, a higher proportion of nodes within the 1-hop PPIN had a very

low degree. Neither PPIN had a linear relationship between log node degree and log frequency,

indicating that the sampled PPIN were not scale-free. Although the majority of nodes had a

low degree, both PPIN contained hub proteins with very high degrees.

1-Hop PPIN had higher transitivities than their shortest-path sampled counterparts as the

neighbours of all seeds are always included in the resultant PPIN, generating small clusters.

Despite the differences in the results, both forms of sampling were able to generate PPIN of a

tractable size with low average shortest path lengths compatible with the small world properties

expected in biological networks [466].
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Gene Protein Corrected P value

SNCA α-Synuclein 2.0010−4

SLC6A3 DAT 6.0010−4

TH TH 1.4010−3

BAX BAX 1.6010−3

SPR Sepiapterin reductase 1.8010−3

SNCB β-Synuclein 3.8010−3

APAF1 APAF1 5.80x10−3

MAPT Tau 1.28x10−2

GPX1 Glutathione peroxidase 1 1.34x10−2

UCHL1 UCHL1 1.38x10−2

PARK2 Parkin 2.60x10−2

LAMP2 LAMP2 2.98x10−2

SLC18A2 VMAT2 3.12x10−2

SNCG γ-Synuclein 4.14x10−2

SOD1 SOD1 5.35x10−2

BECN1 Beclin1 6.51x10−2

CAT Catalase 8.51x10−2

VDAC1 VDAC1 1.25x10−1

SOD2 SOD2 1.26x10−1

BID BID 1.33x10−1

DNM1L DRP1 1.51x10−1

TRAP1 TRAP1 2.15x10−1

TFAM TFAM 2.73x10−1

PINK1 PINK1 3.14x10−1

ACO2 Aconitase 3.21x10−1

NOS1 nNOS 3.33x10−1

GCLC Glutamate-cysteine ligase 3.37x10−1

HSPA8 HSC70 4.67x10−1

HTRA2 HTRA2 5.65x10−1

GSS Glutathione synthetase 5.67x10−1

GCH1 GTP cyclohydrolase 1 6.14x10−1

DDC AADC 6.52x10−1

MAP1LC3B LC3B 7.28x10−1

MAP2K4 MAPKK4 7.29x10−1

TF Serotransferrin 8.78x10−1

GSR Glutathione reductasel 9.55x10−1

PARK7 DJ1 9.71x10−1

IL12A IL12A 9.97x10−1

MMP3 Stromelysin-1 9.97x10−1

Table 4.9: Fourteen seeds are more connected than would be expected at random in
the DAPPLE PPIN. P values for seed degree based on 10,000 permutations from a background
population of DAPPLE PPIN generated by within-degree node-permutations. Where seeds have
a direct and indirect degree a Bonferroni correction was performed for the two tests and the
lowest P value selected. A Bonferroni correction was applied to account for multiple testing.
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Gene Protein Corrected P value

PRKACA cAMP-dependent protein kinase catalytic subunit alpha 1.64x10−2

MCL1 Induced myeloid leukaemia cell differentiation protein Mcl-1 1.64x10−2

CASP8 Caspase-8 1.64x10−2

MAPK3 Mitogen-activated protein kinase 3 1.64x10−2

PRKCE Protein kinase Cε type 1.64x10−2

BCL2L1 BCL-2-like protein 1 1.64x10−2

ATP6V1B2 V-type proton ATPase subunit B, brain isoform 1.64x10−2

BAK1 BCL-2 homologous antagonist/killer 1.64x10−2

GRK5 G protein-coupled receptor kinase 5 1.64x10−2

BCL2 Apoptosis regulator BCL-2 1.64x10−2

ARID4B AT-rich interactive domain-containing protein 4B 1.64x10−2

GSTZ1 Maleylacetoacetate isomerase 3.25x10−2

Table 4.10: Twelve common interactors are more connected than would be expected
at random in the DAPPLE PPIN. Common interactors are proteins which interact with
two or more of the network seeds. The degree of common interactors in the indirect DAPPLE
PPIN were measured and P values calculated based on 10,000 permutations from a background
population of DAPPLE PPIN generated by within-degree node-permutations. P values were
Bonferroni corrected for multiple testing and proteins with a P value of less than 0.05 are
shown.
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Figure 4.5: Sampled PPIN do not have a scale-free degree distributions. The seedlist of
40 MPP+ relevant proteins was used to sample the experimental, binary underlying PPIN and
the degree distributions of the two resulting PPIN were plotted. Node degree and the proportion
of network nodes both displayed using a logarithmic scale.

4.2.5 Nodes with the highest centrality

Following the construction of sampled PPIN, the ten proteins with highest BC within each 1-

hop sampled PPIN were identified (Table 4.13); such nodes are critical for the communication

of information across the network and are expected to be biologically important [396, 397].

The proteins identified were largely consistent across all the 1-hop sampled PPIN with seven

proteins appearing repeatedly (although their ranking varied between the PPIN): polyubiquitin,

tyrosine-protein kinases ABL1, Src and Fyn, growth-factor receptor-bound protein 2, 14-3-3ζ,

TNF receptor associated factor 6 (TRAF6). Additionally, eight of the 40 original seed proteins

used for sampling (parkin, tau, nNOS, α-synuclein, MMP3, BAX, Beclin1, transferrin) appeared

as high BC nodes with α-synuclein and parkin appearing across all of the networks. The PPIN

sampled using only low-throughput data had a particular tendency to include seed proteins as

high centrality nodes with at least six of the top ten nodes being seed proteins for each of these

PPIN. The reoccurrence of seed proteins may be a result of the 1-hop sampling technique as

all of the seed proteins neighbours are included in each sampled PPIN. Alternatively, the high

centrality may reflect their pivotal role in MPP+ networks either as a result of genuine biological

importance or due to a surfeit of experimental data across a wide range of interaction partners.

The central nodes appeared robust to the method of complex representation and the binary

PPIN were used for further analysis as each node represented a biologically targetable species

(unlike in a bipartite PPIN) and each edge represented an experimentally validated PPI. Further,

binary data is more reliably recorded in PPI databases [405] and the spoke representation of

complexes has been shown to distort network properties [420]. Given the relative paucity of
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data, illustrated by the low number of nodes in sampled low-throughput PPIN and the high

proportion of seeds identified as central nodes within these PPIN, the purely low-throughput

PPIN were not further investigated.

In order to investigate the effect of sampling method, the nodes with highest BC were identified

for the PPIN formed using both shortest-path and 1-hop sampling on the underlying PPIN

including all data and the underlying PPIN including all experimental data (Table 4.14). A

number of the same proteins appeared regardless of sampling method: polyubiquitin , 14-3-3ζ,

growth factor receptor-bound protein 2, TRAF6, ABL1 and Src. However, the rank order of the

nodes was different dependent on sampling method with ABL1 being relatively less central in

the shortest-path PPIN. Additionally, inhibitor of nuclear factor κB kinase subunitε (IKKE) and

SMAD 2 appeared as central proteins only when shortest-path sampling was utilised; SMAD2 is

a signal transducer regulating multiple pathways [467] and IKKE plays a crucial role in the NF-

κB pathway [468]. It should be noted that ubiquitin had the highest BC in all PPIN investigated

in this thesis.

The inclusion of predicted data did not have a large effect on the most central seeds, but there

were important differences based on sampling technique. Therefore, the binary, experimental

PPIN generated by the 1-hop and shortest-path sampling approaches were further investigated

to allow for a comparison of the sampling techniques. The experimental dataset was selected

because of concerns relating to predictive data, a decision consistent with the approach taken

in PPI-trim to process the iRefIndex database [420]. The two PPIN are described as the 1-hop

and shortest-path PPIN for the remainder of this thesis.
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PPIN

Rank All Data - Path Experimental
Data - Path

All Data - Hop Experimental
Data - Hop

1 Polyubiquitin-C Polyubiquitin-C Polyubiquitin-C Polyubiquitin-C
2 14-3-3ζ GRB2 ABL1 ABL1
3 GRB2 14-3-3ζ GRB2 GRB2
4 TRAF6 TRAF6 Fyn Fyn
5 Inhibitor of nu-

clear factor κB
kinase subunitε
(IKKE)

IKKE Src Src

6 SMAD2 SMAD2 α-Synuclein α-Synuclein
7 ABL1 ABL1 14-3-3ζ Parkin
8 Colorectal mu-

tant cancer
protein

Src Parkin Epidermal growth
factor receptor

9 Src P53 TRAF6 14-3-3ζ
10 P53 Retinoblastoma-

associated protein
GTP cyclohydro-
lase 1

P53

Table 4.14: The sampling method employed affects the most central nodes in PPIN.
PPIN were sampled using the shortest-path and 1-hop approaches and underlying PPIN con-
taining only binary data with the inclusion or exclusion of predictive data from the OPHID
database. The nodes with the highest BC in each PPIN were identified and the iCROGID
converted to protein names. Seed proteins are highlighted using italic font.

4.2.6 Community detection

Having characterised proteins with high centrality across the PPIN, communities correspond-

ing to biological processes were identified. Identification of systems-level processes implicated

in MPP+ would provide support for the validity of the PPIN as models of the in vitro sys-

tem. A spin-glass algorithm can be used to detect communities within PPIN and it has been

demonstrated that such communities correlate with biological, systems-level process [376]. This

algorithm was applied to the 1-hop and shortest-path PPIN and a list of the proteins in each

community was extracted. DAVID (Subsection 2.3.1) [298] was then used to identify GO an-

notational enrichment within each community. The entire PPIN were used as the background

population for each analysis, to avoid false enrichment values for annotations enriched across

the entire sampled PPIN e.g. neuronal proteins. The details of the most significantly enriched

GO annotation for each community are given where the Bonferroni corrected values were less

than 0.05 (Table 4.15). Major, systems-level biological processes including autophagy, plasma

membrane, translation and cell death were identified in both the 1-hop and shortest-path PPIN

and the communities are visualised in Figures 4.6 and 4.7.
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1-Hop network

Community Number of
proteins

Most enriched GO annotation P value Fold enrich-
ment

0 19
1 1
2 210 Translation 1.70x10−4 3.1
3 5 Cytokine binding 2.30x10−7 79.8
4 38
5 5 Peroxisome fission 2.10x10−5 184.2
6 107 Mitochondrial outer membrane 1.90x10−2 4.2
7 323 Cell death 7.40x10−15 1.9
8 275 Plasma membrane 6.90x10−21 1.9
9 4
10 2
11 72 Autophagy 2.40x10−8 12.5

Shortest-path network

Community Number of
proteins

Most enriched GO annotation P value Fold enrich-
ment

0 5 Cytokine Binding 1.20x10−2 52.4
1 60 Regulation of autophagy 1.10x10−9 26.2
2 324 Plasma membrane 2.40x10−36 2.1
3 32 RNA processing 2.20x10−20 12.8
4 226 Proteasome complex 6.40x10−13 5.1
5 237 Translation 9.2x10−12 3.3
6 230 Apoptosis 1.90x10−16 2.6
7 302 DNA binding 2.70x10−63 3.1

Table 4.15: Communities corresponding to biological processes can be identified in
PPIN. The seedlists (Tables 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7) were used with the binary ex-
perimental PPIN formed from iRefIndex and a 1-hop or shortest-path sampling approach to
construct the PPIN. Communities were detected using a spin-glass algorithm (γ=1) and bio-
logical functions were assigned using enrichments in GO annotations according to DAVID. For
each community, where there was a significant annotational enrichment, the top enrichment is
given along with its Bonferroni corrected P value and fold enrichment value.
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Figure 4.6: Communities corresponding to biological processes can be identified in
1-hop PPIN. The seedlists (Tables 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7) were used with experimental
binary iRefIndex PPIN and 1-hop sampling to construct a PPIN, non-binary interaction data
were discarded. Communities were detected using a spin-glass algorithm (γ=1) and biological
functions were assigned using enrichments in GO annotations according to DAVID.

Figure 4.7: Communities corresponding to biological processes can be identified in
shortest-path PPIN. The seedlists (Tables 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7) were used with
experimental binary iRefIndex PPIN and shortest-path sampling to construct a PPIN. Commu-
nities were detected using a spin-glass algorithm (γ=1) and biological functions were assigned
using enrichments in GO annotations according to DAVID.
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4.2.7 Target identification

The goal of this thesis was to identify protein targets whose experimental modulation could alter

MPP+ toxicity in an in vitro system. High BC has been shown to correlate with essentiality

[396, 397] and so more extensive analysis was used to identify proteins that could perturb

the PPIN in a more subtle fashion, altering the flow of information between different cellular

processes.

4.2.8 Bridging centrality

Hwang’s bridging centrality has been proposed as a method to identify suitable drug targets

[324, 443] (Subsection 2.3.6). The metric was calculated for all proteins in the shortest-path

and 1-hop PPIN and the top scoring nodes were identified (Table 4.16). Some of the bridging

nodes (e.g. PINK1 [457] and glutathione synthetase [210]) have a documented role in MPP+

cytotoxicity. However, most of the highlighted proteins are relatively unknown in the context of

MPP+/PD pathology. Proteins, such as α-synuclein have a proven role in MPP+ toxicity [114]

and therefore act as ‘positive controls’ for future analyses. The failure to recover such proteins

from the bridging centrality analysis was a key concern. There were also concerns about the

metric’s methodology which heavily favours nodes with low degrees.

4.2.9 Mitochondrial dysfunction and its interaction with autophagy

Given concerns about the veracity of the results recovered using the bridging centrality metric,

further target identification was conducted in a more hypothesis driven fashion to identify pro-

teins involved in the cross talk between mitochondrial dysfunction and changes to autophagy

in the context of MPP+ toxicity. Mitochondrial insult initiates MPP+ toxicity and is also an

important systems-level process in PD aetiology [246, 247, 328] (Subsection 1.4.3). Autophagy

is essential in long-lived cells such as neurones and the blockage of autophagy leads to neurode-

generation (Subsection 1.4.2), familial cases of PD have been linked to alterations in autophagy

[142, 160]. It was hypothesised that by modulating the cross-talk between the two systems-level

processes cell survival could be promoted following MPP+ treatment.

4.2.10 Steiner analysis

Steiner analysis allows critical pathways to be extracted from a far larger PPIN (Subsection

2.3.5). Such an analysis was conducted on both the shortest-path and the 1-hop PPIN. The
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Steiner nodes identified from the two PPIN were very similar (Table 4.17 and Figure 4.8A and

B). In both cases, the number of Steiner nodes was much higher for the oxidative stress seeds

than for other systems-level processes.

All of the initial analyses identified ubiquitin as a Steiner node, ubiquitin plays a key role in

labelling proteins for degradation. Weighting factors (based on degree and BC) were utilised

in an attempt to identify Steiner nodes beyond ubiquitin as had previously been reported by

White and Ma’ayan [309]. Although weighting led to the selection of alternative Steiner nodes,

ubiquitin remained a critical linking node across all analyses (Table 4.18, Figure 4.8 C and D).

In order to further investigate the role of proteins other than ubiquitin in connecting the seeds,

two alternative PPIN (one corresponding to each sampling method) were created with ubiquitin

deleted. The same seeds were used on the adjusted networks and Steiner nodes identified

(Table 4.19, Figures 4.8E and F ). Following deletion of ubiquitin there was a greater divergence

of results between the 1-hop and shortest-path PPIN. Steiner analysis successfully recovered

proteins known to be important in MPP+ toxicity/PD including SNAP25, NEDD4 and α-

synuclein.

The Steiner analysis was helpful in identifying critical ‘linking’ nodes. However, Steiner analysis

results in a binary measure, nodes are either Steiner nodes or they are not. Therefore, further

metrics were investigated in order to generate a metric for all nodes, to allow the ranking of

proteins and facilitate comparisons between different analyses.

4.2.11 Betweenness centrality between subgraphs

The goal of this section of work was to extend the investigation into proteins critical in the

cross talk between mitochondrial dysfunction and autophagy, but to give a metric for a larger

range of nodes than was possible using the Steiner-type analysis. Subgraph ∆BC analysis

(Subsection 2.3.6) was performed on shortest-path networks corresponding to autophagy and

mitochondrial dysfunction. The shortest-path sampling approach was selected here to investigate

the transmission of information between the systems-level biological processes. BC in both

graphs, the union sungraph and ∆BC were calculated (Figure 4.9) and the nodes with highest

∆BC were identified (Table 4.20). In most cases the ∆BC value was positive, as with the

expansion of the network, nodes occurred in more shortest paths; however, in a few cases ∆BC

was negative, illustrating cases where the union created alternative shortest routes.

The ∆BC calculation was used to identify proteins which were particularly important for the

cross-talk between the autophagy and the mitochondrial dysfunction rather than identifying

128



Figure 4.8: Steiner analysis allows the identification of key nodes in MPP+ PPIN.
Steiner type analysis was performed on both the shortest-path and 1-hop PPIN using sets of the
initial seed nodes (Tables 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7) as Steiner terminals. A Mitochondrial
and autophagy seeds used as terminals. B Oxidative stress seeds used as terminals in 1-hop
PPIN. C Autophagy seeds used as terminals in the shortest-path PPIN with weighting by degree.
D Mitochondrial and autophagy seeds used as terminals in the 1-hop PPIN with weighting by
degree. E Mitochondrial seeds used as terminals in the shortest-path PPIN with ubiquitin
removed. F Mitochondrial and autophagy seeds used in 1-hop PPIN with ubiquitin removed.
Steiner nodes (those not defined as initial seeds) are coloured red. All edges between nodes
within the Steiner graphs are shown.

proteins which were central to one or other systems-level processes. Therefore, a protein which

transmitted no additional information in the union graph, when compared to the sum of the two

subgraphs, would have had a ∆BC of nought. Eight of the top ten proteins were the same when

∆BC and total BC (for the union graph) were compared (Figure 4.9). However, ESR1 and P53

were replaced with VDAC1 and GABARAP under the ∆BC measure. Having identified proteins

particularly important in the interplay between autophagy and mitochondrial dysfunction the
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next step was to investigate whether the same results would be achieved when the systems-level

processes were considered in the context of the entire sampled PPIN.

Figure 4.9: Subgraph analysis identifies proteins predicted to be important for the
cross-talk between autophagy and mitochondrial dysfunction. A and B Subgraphs
formed using shortest-path sampling of the experimental, binary PPIN derived from iRefIndex
with ubiquitin removed and the autophagy (A) and mitochondrial (B) seeds in Tables 4.3 and
4.5; nodes are sized according to BC in the subgraph. C and D Union of the two subgraphs,
yellow nodes appear only in the autophagy subgraph, blue nodes only in the mitochondrial dys-
function subgraph and green nodes are common to the two subgraphs; nodes are sized according
to total (C) or ∆ (D) BC.

4.2.12 Identification of optimal pairwise combinations

Given the robust nature of biological networks and the need to make multiple interventions it

was important to identify combinations of proteins whose simultaneous modulation was expected

to have the largest effect on the system. This work was conducted in collaboration with Andrew

Elliott with all code written and executed by Andrew. The BC is a measure of the number of

shortest paths that would be affected by the deletion of a node. Here, this work was extended
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to consider the number of paths that would be disrupted by deleting a combination of nodes.

The number of shortest paths affected following the removal of nodes a and b was defined as the

number of shortest paths involving a plus the number of shortest paths involving b minus the

number of shortest paths involving a and b. The detailed results from this analysis are presented

in the Appendix B. However, in summary, the most effective pairs and trebles of nodes were the

combinations of the individual top ranked nodes. Therefore, this thesis focussed on identifying

top individual nodes with the goal of combining individual proteins for in vitro experiments.

4.2.13 Effect of deletion of ubiquitin

To assess the impact of the removal of ubiquitin the total BC of each node in the shortest-path

PPIN was calculated both with, and without, ubiquitin and the correlation calculated (Figure

4.10), R2 = 0.9918. Given the very high correlation coefficient the removal of ubiquitin was not

expected to have a large effect on BC analysis and therefore further analyses were conducted on

PPIN from which ubiquitin had been deleted.

Figure 4.10: Deletion of ubiquitin does not affect the identification of other high
centrality nodes. The BC of all nodes in the shortest-path PPIN was calculated. Ubiquitin
was removed from the sampled PPIN and the BC of all nodes in the new PPIN was calculated.
The BC for each node before and after the deletion of ubiquitin is displayed. Linear regression
was performed and the R2 correlation coefficient calculated.

4.2.14 Selective betweenness centrality

The selective BC (Subsection 2.3.6) was calculated for all nodes in the shortest-path PPIN us-

ing only mitochondrial paths (Selective BCmito) and only MPP+ paths (Selective BCMPP+).

Additionally, the selective BC∆ was calculated to consider the crosstalk between autophagy

and mitochondrial dysfunction (Table 4.21 shows the top hits). The top scoring nodes in-

cluded a number of proteins that have independently been shown to modulate MPP+ toxicity:
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α-synuclein, ABL1 and parkin. Additionally, there were a number of results that had been

highlighted by previous network analyses: 14-3-3ζ, IKKE, GBRL2, P62, P53 and BCL2.

The correlation between the selective BCs and overall BC was calculated to understand whether

the selective measures did more than represent a node’s overall properties within the PPIN

(Figure 4.11). Although there was some correlation with overall BC the R2 values demonstrated

that the selective BC measure contained additional information.

In order to compare the results from the subgraph (Subsection 4.2.11) and the selective BC

approaches, the ∆BC and the Selective BC∆ were compared (Figure 4.12). Although there was

correlation between the two metrics this was not complete.

The ‘top hits’ for selective BC from the 1-hop PPIN were calculated in a similar fashion (Table

4.22).

The selective BC analyses highlighted a number of possible target nodes. Some of the nodes

had already been identified via other network analyses: α-synuclein, GABRARAP, GBRL1,

GBRL2, P62, ABL1, Beclin1 and LC3B. However, some targets were unique to the selective BC

analyses. Over the six selective BC analyses (across both PPIN), 28 proteins were identified

as potential targets. Twelve of the proteins were common to the two PPIN with, seven only

identified in the shortest-path PPIN and nine only in the 1-hop PPIN, and some nodes were

identified by multiple analyses. The identification of different target proteins in the two networks

demonstrated the impact of sampling method.

Although network analyses identified biologically plausible critical nodes the only way to validate

the predictions was by testing them in an experimental system. Given the number of targets

identified, experimental validation of all nodes was not feasible. Therefore, the results from the

subgraph analysis (Subsection 4.2.11) and the selective BC analysis (Subsection 4.2.14) were

prioritised with a particular focus on the proteins predicted to be important for the cross talk

between autophagy and mitochondrial dysfunction as identified through the ∆BC and Selective

BC∆ analyses.
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Figure 4.11: Selective betweenness centrality (BC) contains additional informational
information compared to total BC. The total BC of all nodes in the shortest-path PPIN was
calculated. The selective BC of each node was then calculated using subsets of nodes defined by
their GO terms as involved in autophagy, mitochondria or MPP+ pathology. The Selective BC∆

for mitochondrial and autophagic processes was also calculated. Selective BC was plotted for
total BC for each node, linear regression performed and the R2 correlation coefficient calculated.

Figure 4.12: There is some correlation between ∆BC and Selective BC∆. ∆BC for
each node in the subgraph analysis (4.2.11) was plotted against its selective BC∆ (Figure 4.11).
Linear regression performed and the R2 correlation coefficient calculated.
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1-Hop network

CROGID Protein Bridging
centrality

1409948 TNF11 2172.4
3561944 TIMP3 1047.6
1001745 Osteopontin 794.8
948452 TraB domain-containing protein 780.9
711280 Testican-1 445.3
4247195 Brevican core protein 439.4
222771 Decorin 398.0
3557303 PINK1l 395.4
1053734 Osteonectin 358.5
4635868 Oxysterol-binding protein-related protein 5 340.9
2318708 Nucleoporin SEH1 301.9
4092105 Dedicator of cytokinesis protein 1 299.3
5071329 E3 ubiquitin-protein ligase Praja-1 298.9
4227441 Cutaneous T-cell lymphoma-associated antigen 5 295.5
2113118 Glutathione synthetase 286.9
5832396 Secernin-1 282.6
2985525 Active breakpoint cluster region-related protein 260.8
3407738 PR domain zinc finger protein 2 256.7
815051 Glutathione reductase, mitochondrial 233.7
3976973 Lamina-associated polypeptide 2, isoforms β/γ 203.4

Shortest-path network

CROGID Protein Bridging
centrality

1314473 Golgi-associated PDZ and coiled-coil motif-containing pro-
tein

212.8

1045744 C-C chemokine receptor type 10 177.4
5083336 Laminin subunit α-1 158.3
2508904 Proteinase-activated receptor 2 149.9
2296687 Rab-3-interacting protein 2 141.5
3841000 snRNA-activating protein complex subunit 3 132.3
2394559 Heterogeneous nuclear ribonucleoprotein H3 131.5
1987115 E3 ubiquitin-protein ligase RNF123 131.2
3803247 Small glutamine-rich tetratricopeptide repeat-containing

protein α
122.1

1409948 Tumour necrosis factor ligand superfamily member 11 121.8
281045 Phosphoserine aminotransferase 118.8
1401730 Ras-related protein Rap-1b 114.2
1870582 Elongation factor Ts, mitochondrial 112.6
5406757 Trans-Golgi network integral membrane protein 2 106.1
4474494 Amyloid protein-binding protein 2 104.1
403028 ATPase family AAA domain-containing protein 3B 103.5
5406611 General transcription factor 3C polypeptide 1 99.1
4750819 Pterin-4-α-carbinolamine dehydratase 96.6
4092105 Dedicator of cytokinesis protein 1 91.0
3976973 Lamina-associated polypeptide 2, isoforms β/γ 90.9

Table 4.16: Hwang’s metric identifies ‘bridging nodes’ in MPP+ PPIN. Bridging cen-
trality was calculated for all nodes according to Hwang’s equation. All proteins with a bridging
centrality exceeding 200 for the 1-hop PPIN and 90 for the shortest-path PPIN are listed in the
table.
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Terminals Network Steiner nodes

Mitochondrial seeds Hop IKKE, Polyubiquitin C
Mitochondrial seeds Path IKKE, Polyubiquitin C

Autophagy seeds Hop IKKE, Polyubiquitin C, PINK1
Autophagy seeds Path IKKE, Polyubiquitin C, PINK1

Oxidative stress seeds Hop GAPDH, Polyubiquitin C, RB1, ABL1,
14-3-3ζ, HSP7C, IL-7RA, ASF

Oxidative stress seeds Path GAPDH, SRRM2, Polyubiquitin C, RB1,
ABL1, 14-3-3ζ, HSP7C, IL-7RA

Mitochondrial and autophagy seeds Hop IKKE, Polyubiquitin C
Mitochondrial and autophagy seeds Path IKKE, Polyubiquitin C

Mitochondrial and apoptosis seeds Hop IKKE, Polyubiquitin C, Caspase-9
Mitochondrial and apoptosis seeds Path IKKE, Polyubiquitin C, Caspase-8,

MAPK14

Table 4.17: Similar Steiner nodes are identified in 1-hop and shortest-path sampled
MPP+ PPIN. Steiner type analysis was performed on both the shortest-path and 1-hop PPIN
using subsets of the initial seed nodes as Steiner terminals. The additional nodes required to
connect all of the terminals (with a minimal path length) are termed Steiner nodes.
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Terminals Network Weighting
factor

Steiner nodes

Mitochondrial
seeds

Hop Degree IKKE, Polyubiquitin C

Mitochondrial
seeds

Path Degree IKKE, Polyubiquitin C, SMAD2, HDAC1

Mitochondrial
seeds

Hop BC IKKE, Polyubiquitin C

Mitochondrial
seeds

Path BC IKKE, Polyubiquitin C, Amyloid βA4, Andro-
gen receptor, SMAD2

Autophagy seeds Hop Degree P62, BCL2, α-synuclein, TRAF6, Polyubiquitin
C

Autophagy seeds Path Degree P62, α-synuclein, DNPK1, TRAF6, Polyubiqui-
tin C

Autophagy seeds Hop BC BCL-X, P62, TRAF6, Polyubiquitin C, EDFR,
ABL1

Autophagy seeds Path BC BCL-2, P62, TRAF6, Polyubiquitin C

Mitochondrial
and autophagy
seeds

Hop Degree BCL-2, α-synuclein, IKKE, Polyubiquitin C

Mitochondrial
and autophagy
seeds

Path Degree α-Synuclein, DNPK1, TRAF2, HDAC1,
SMAD2, IKKE, Polyubiquitin C

Mitochondrial
and autophagy
seeds

Hop BC UBC9, SMAD2, MK14, BCL-X, P62, IKKE,
TRAF6, Polyubiquitin C

Mitochondrial
and autophagy
seeds

Path BC BCL-2, P62, Amyloid βA4, Androgen receptor,
SMAD2, IKKE, Polyubiquitin C

Mitochondrial
and apoptosis
seeds

Hop Degree Polyubiquitin C, IKKE, MPK14, ATK1

Mitochondrial
and apoptosis
seeds

Path Degree MAPK14, Caspase-3, HDAC1, SMAD2, IKKE,
Polyubiquitin C

Mitochondrial
and apoptosis
seeds

Hop BC UBC9, SMAD2, MAPK14, Caspase-8, IKKE,
Polyubiquitin C

Mitochondrial
and apoptosis
seeds

Path BC MAPK14, Caspase-3, Amyloid βA4, Androgen
Receptor, SMAD2, IKKE, Polyubiquitin C

Table 4.18: Weighting of Steiner analyses does not prevent the selection of ubiquitin
as a Steiner node. Steiner type analysis was performed on both PPIN using subsets of the
initial seed nodes as Steiner terminals. The additional nodes required to connect all of the
terminals (with a minimal path length) are termed Steiner nodes. Nodes were weighted for
inclusion by their degree or BC.
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Terminals Network Steiner Nodes

Mitochondrial seeds Hop RGAG4, SMAD4, UBC9
Mitochondrial seeds Path SNAP25, IKKE

Autophagy seeds Hop BCL-X, P53, IKKE, MAP1B
Autophagy seeds Path NEDD4, DAPK1, SNAP25

Mitochondrial and autophagy seeds Hop IKKE, α-synuclein
Mitochondrial and autophagy seeds Path SNAP25, IKKE

Mitochondrial and apoptosis seeds Hop RGAG4, SMAD4, UBC9, BCL-X, IKKE
Mitochondrial and apoptosis seeds Path MAPK14, Caspase-8, IKKE, SNAP25

Table 4.19: Deletion of ubiquitin allows the identification additional of critical linking
nodes in MPP+ PPIN through Steiner analysis. Steiner type analysis was performed on
both PPIN (following removal of ubiquitin) using subsets of the initial seed nodes as Steiner
terminals. The additional nodes required to connect all of the terminals (with a minimal path
length) are termed Steiner nodes.

Protein ∆BC Total BC Mito BC Auto BC

GBRL2 1568 3761 0 2192
P62 902 2382 378 1103
TRAF6 894 4466 2644 927
14-3-3ζ 720 3891 1870 1301
α-synuclein 690 2713 293 1729
GBRL1 675 2576 0 1901
GABARAP 625 1671 0 1045
IKKE 583 3097 2050 464
VDAC1 538 1337 475 324
LC3B 425 2508 375 1708

Table 4.20: Nodes with highest ∆ betweenness centrality (BC) are predicted to be
important for the cross-talk between autophagy and mitochondrial dysfunction. The
BC of each protein in the autophagy and mitochondrial dysfunction subgraphs, the union graph
and the overall ∆BC (Figure 4.9). Nodes are ranked according to ∆BC.
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Selective BCmito

Protein Selective BCmito Normalised selective
BCmito (%)

14-3-3ζ 555.2 100.0
RB 326.4 58.8
CRCM 268.5 48.4
IKKE 246.1 44.3
PPP2R2B 205.9 37.1
P53 193.2 34.8
α-Synuclein 181.1 32.6
Nemo 177.1 31.9
GBRL2 173.0 31.2
TRAF6 172.1 31.0
SMAD2 171.8 30.9

Selective BCMPP+

Protein Selective BCMPP+ Normalised selective
BCMPP+ (%)

ABL1 80.3 100.0
SMAD2 34.5 42.9
P53 32.7 40.6
Parkin 29.9 37.2
BCL2 26.6 33.2
IKKE 26.6 33.1
VIME 25.3 31.5

Selective BC∆

Protein Selective BC∆ Normalised selective
BC∆ (%)

GBRL2 437.7 100.0
14-3-3ζ 294.4 67.3
P53 224.2 51.2
LC3B 211.6 48.3
P62 205.7 47.0
α-syn 196.6 44.9
Nemo 179.1 40.9
mTOR 177.6 40.6
GBRL1 173.3 39.6
Calmodulin 151.2 34.5
PPP2R2B 135.5 31.0

Table 4.21: Nodes with highest selective BC from shortest-path PPIN are expected
to be critical for MPP+ toxicity. Selective BC only considering paths between specific nodes
(as defined by GO annotation) within the shortest-path PPIN. Selective BC∆ considered the
difference between the combined autophagy/mitochondrial selective BC and the sum of the two
separate selective BCs. All values were normalised to the top selective BC and proteins with a
normalised value exceeding 30% are included in the table.
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Selective BCmito

Protein Selective BCmito Normalised selective
BCmito (%)

ABL1 491.1 100.0
α-Synuclein 391.8 79.8
14-3-3ζ 236.1 48.1
RB 215.6 43.9
Tau 196.0 39.9
TNR1A 187.5 38.2
VIME 181.1 36.9
BCL2 176.0 35.8
Parkin 165.4 33.7
P53 164.1 33.4

Selective BCMPP+

Protein Selective BCMPP+ Normalised selective
BCMPP+ (%)

Parkin 87.7 100.0
ABL1 65.1 74.2
BCL2 64.1 73.1
VDAC1 56.6 64.6
BAX 46.8 53.4
Beclin1 36.9 42.1
TNR1A 36.1 41.2
MCL1 35.9 40.9
B2CL1 29.0 33.0

Selective BC∆

Protein Selective BC∆ Normalised selective
BC∆ (%)

Beclin 382.5 100.0
α-Synuclein 358.2 93.6
GBRL2 324.2 84.8
LC3B 292.9 76.6
ABL1 271.9 71.1
GBRL1 242.0 63.3
P62 206.9 54.1
mTOR 200.3 52.4
B2CL1 173.1 45.2
Parkin 170.0 44.5
GABARAP 145.8 38.1
P53 134.0 35.0
14-3-3ζ 133.5 34.9
BCL2 117.4 30.7

Table 4.22: Nodes with highest selective BC from 1-hop PPIN are expected to be
critical for MPP+ toxicity. Selective BC only considering paths between specific nodes (as
defined by GO annotation) within the 1-hop PPIN. Selective BC∆ considers the difference be-
tween the combined autophagy/mitochondrial selective BC and the sum of two separate selective
BC values. All values are normalised to the top selective BC and proteins with a normalised
value exceeding 30% are included in the table.
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4.3 Discussion

4.3.1 Network construction

PPIN from the iRefIndex database

iRefIndex was used as a source of human PPI data. Datasets containing all data, all experimental

data and all low-throughput data were established and PPIN were constructed using binary,

bipartite, complex and matrix methods for the representation of interactions between more

than two partners. As data (either predictive or high-throughput) were excluded the network

density decreased because interaction data are lost more rapidly than proteins which may still

be involved in other PPI supported by experimental/low-throughput data. Bipartite complex

representation led to an increased number of nodes as an additional node was included for

each complex and matrix representations led to a three to four fold increase in the number

of network edges as an edge was added between each member of the experimentally detected

protein complex.

MPP+ seedlist

In order to create PPIN pertinent to MPP+ pathology a seedlist of 40 MPP+ related proteins

was constructed and used to sample the networks. It must be acknowledged that the list of

proteins known to be involved in MPP+ pathology will only increase as further experiments are

constructed and the seedlist only reflects the evidence available at the time of its creation.

The concept of sampling relies on the principle of guilt by association, proteins are more likely

to interact with proteins involved in similar cellular processes or pathologies [274]. Therefore,

proteins closely connected to those already known to be involved in MPP+ cell death are more

likely to also be involved in MPP+ pathology. It was hypothesised that by creating a network

enriched in MPP+ relevant processes, critical interactions/proteins could be identified despite

the noise generated by non-relevant interactions.

DAPPLE was used to demonstrate that the seedlist as a whole generated a PPIN more connected

than would be expected at random by a number of measures. Increased connectivity suggested

that the seeds were involved in common pathways, although analysis did not demonstrate a

specific link with PD or MPP+ pathology. Further, there is some circularity in connectivity

analysis with proteins implicated in a single disease more likely to be investigated in concert.

Fourteen proteins within the DAPPLE network were identified as being significantly more con-
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nected than expected at random. The list of highly connected seeds included all three synucleins

(α-synuclein is central to PD pathology (Subsection 1.4.1), parkin and UCHL1, mutations in

which lead to autosomally recessive PD [3] and tau, a risk locus identified through multiple

GWAS [31]. Although the other seeds were not individually more connected than would be

expected at random, the seedlist as a whole resulted in a network that was more connected than

would be expected were the seeds not otherwise linked.

It is acknowledged that although the DAPPLE PPIN and the other PPIN used for network

analysis were prepared using a common seedlist, they are sampled from different underlying

PPI databases (InWeb and IRefIndex respectively) and the DAPPLE PPIN does not include

cross links between non-seed nodes. Therefore, conclusions regarding the DAPPLE PPIN can-

not automatically be extended to the other PPIN in this thesis. However, it was considered

probable that the increased connectivity of the seeds would also be seen in the iRefIndex PPIN.

The DAPPLE PPIN could have been used for further investigations. However, iRefIndex con-

tains more recent PPI data, includes PPI from more databases, maps protein isoforms to single

canonical identifier and offers more control over the data included and form of complex repre-

sentation. Therefore, iRefIndex was considered a superior source of PPI data to the DAPPLE

network.

Microarray experiments had been conducted with the goal of identifying differentially regulated

genes that could be used as an alternative seedlist (Subsection 3.2.5). However, no genes showed

statistically significant MPP+ induced alterations to expression following corrections for multiple

testing.

Sampled networks

Sampling was used to construct PPIN enriched in MPP+ relevant processes. The gross properties

of the resulting networks were explored and nodes with the highest BC were identified. PPIN

containing only binary interaction data were selected for further analysis to ensure that each

node represented a protein that could be biologically targeted (unlike a bipartite PPIN). Further,

spoke representations have been shown to distort PPIN by generating artificial hubs within the

network [405, 420]. Although the matrix method of complex representation was briefly trialled,

this resulted in very high network densities and increased clustering based on each experiment.

The paucity of low-throughput PPI data resulted in sparse networks when high-throughput

data were excluded. Further, low-throughput data is not necessarily more reliable than high-

throughput and has an increased risk of experimental bias [276, 400, 404–406]. Therefore,
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high-throughput data was considered a valuable component of MPP+ PPIN. Although the

networks including and excluding predicted data were broadly similar, experimental networks

were selected as the focus for this thesis such that each edge represented a biologically validated

interaction. As the networks were unweighted there was no possibility of including predictive

data with a lower confidence. The exclusion of predictive data is consistent with the approach

used by the PPI-trim to generate high-quality datasets from iRefIndex [420].

Identification of high centrality nodes in sampled networks

The nodes with highest BC were identified across the sampled PPIN. The high centrality of

ubiquitin reflects the fact almost all proteins can be ubiquitinated. Interestingly, ABL1 also had

a very high centrality; ABL1 is the target of STI-571 (imatinib) and treatment with STI-571

has been shown to decrease MPTP toxicity in animal models [365]. A number of other tyrosine

protein-kinases also repeatedly appeared with high BC, in particular Src and Fyn, this may

be due to an important role in MPP+ pathology or alternatively reflect their high degree in

the unsampled PPIN. GBR2 had high BC values and is another protein with many potential

binding partners, involvement in multiple cellular functions and a critical linking role in initiating

a cellular pathway (Ras signalling) [469]. TRAF6 had a high BC in some PPIN; expression of

TRAF6 is raised in the brains of PD patients and the protein localises to LB [470]. The protein

14-3-3ζ repeatedly appeared as a central node in the PPIN.

A number of the seed proteins (parkin, tau, nNOS, α-synuclein, MMP3, BAX, Beclin1, trans-

ferrin) also appeared as high BC nodes, particularly in the networks formed using only the low-

throughput data. Their centrality may have been due to their critical role in MPP+ pathology,

modulation of levels of both parkin and α-synuclein alter MPP+ toxicity [114, 365]. Alterna-

tively, their centrality may be a result of bias in the underlying PPI data. Proteins already

known to be involved in disease pathology (including MPP+ toxicity as a model of PD) are

more extensively investigated and therefore more interaction partners reported leading to a

higher degree than would otherwise be expected in the networks.

There were key differences between the 1-hop and shortest path PPINs. The 1-hop networks had

a lower degree, higher transitivity and a larger average shortest path length. These differences

could mostly be explained by the sampling method used to construct the networks, but there

was also variation in the nodes identified as having highest BC. To facilitate a comparison of

the two sampling techniques, a 1-hop and a shortest-path PPIN generated using all binary,

experimental PPI data were used for further analyses. Neither network’s degree distribution
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followed a power law.

Community identification

A spin glass algorithm was used to identify communities within the PPIN and enrichment of

GO annotations used to assign biological function. Communities corresponding to systems-level

biological processes involved in MPP+ pathology were identified within the sampled PPIN. Al-

though different communities were identified in the two networks the key processes of autophagy,

cell death, plasma membrane and protein translation appear in both. The detection of com-

munities provided confidence that PPIN representing the underlying, systems-level processes in

MPP+ toxicity had been identified.

4.3.2 Target identification

Although the proteins identified as having the highest BC were critical for the topology of the

networks, high degree in PPIN has been shown to be correlated with biological essentiality

[396, 397]. Therefore further analyses were conducted to identify potential target nodes.

Bridging centrality

The first approach used to identify targets capable of subtly modifying the transmission of

information through the network was Hwang’s bridging centrality [324, 443]. The majority of

proteins identified were little investigated and few of the known ‘positive controls’ i.e. proteins

whose expression is known to alter MPP+ toxicity (such as α-synuclein or parkin) appeared

as central nodes under this metric. This analysis favoured proteins that had been subject to

relatively little investigation due to the inverse node degree term. This bias caused concerns

about the veracity of the results from the bridging centrality analysis.

Further target identification considered proteins expected to mediate the transmission of infor-

mation between the systems-level processes of mitochondrial dysfunction and autophagy. MPP+

is a mitochondrial toxin with all other cellular dysfunction lying downstream of initial insult

[209]; mitochondrial dysfunction is also central to PD aetiology [246, 247, 328]. Autophagy is

essential for neurones and autophagic dysfunctions have been implicated in numerous PD and

MPP+ models [142, 160]. It was hypothesised that cellular protection could be achieved by

altering the interplay between these systems-level processes.
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Steiner analysis

Steiner analysis was used to identify nodes critical in connecting seeds in the sampled networks,

this approach had previously been utilised in a study of genes commonly mutated in colorectal

cancer [309]. When the two sampling methods were compared the results were largely identical

suggesting that the sampling method has little impact on the key connection between seeds. The

high number of Steiner nodes for the oxidative stress seeds reflected the fact that oxidative stress

proteins are typically connected by non-protein species, e.g. antioxidants, and therefore more

Steiner nodes are required to connect all of the terminals. Ubiquitin is a key linking node in

the networks and appeared as a Steiner node in all analyses even when node weighting was used

to disfavour its inclusion. White and Ma’ayan report weighting nodes by their degree to avoid

overrepresentation of hubs in their study [309], but weighting was insufficient to counteract the

high centrality of ubiquitin. However, upon ubiquitin’s deletion a number of other proteins were

identified as important connectors many of which (including NEDD4, α-synuclein and SNAP25)

had validated roles in PD pathology.

Subgraph analysis

Subgraphs representing mitochondrial dysfunction and autophagy were created, ubiquitin re-

moved and their union formed. A number of the nodes which had a high BC in the total

network also had a high centrality in the more focused subgraphs these included 14-3-3ζ, IKKE,

P53 and TRAF6 - their overall centrality may have been driven by the autophagy and mito-

chondrial dysfunction components of the network. Further, two of the known positive controls

(parkin and α-synuclein) had a high BC in one, or other, of the process specific graphs.

Three proteins from the GABARAP subfamily (GABARAP, GBRL1 and GBRL2) appear in the

top ten results for ∆BC. The GABARAP subfamily proteins exhibit a high degree of sequence

similarity and functional redundancy [353, 370]. Further, LC3B (ranked 10th for ∆BC) belongs

to the same family of proteins, all are orthologs of the yeast protein ATG8. The GABARAP

proteins did not have a particularly high total BC which indicated that the subgraph analysis

contributed additional information and that a node’s characteristics in the network as a whole

may not accurately predict its importance in a more specific context. TRAF6, 14-3-3ζ, IKKE

had also been identified as critical nodes by Steiner analysis.
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Pairwise analysis

Pairwise analysis was conducted in conjunction with Andrew Elliott and identified pairs of nodes

that when deleted in combination would disrupt maximal numbers of network shortest paths.

This analysis correlated well with the summation of individual BC values and indicated that

the most effective combinations were likely to be combinations of the nodes predicted to be

individually important.

Selective betweenness centrality

This metric was developed to consider the contribution of a subset of the network’s shortest

paths to a node’s BC. Only the shortest paths between proteins with a specific GO annotation

were included to identify nodes which were important for the transmission of information in

the context of specific cellular processes. Although there was some correlation between selective

BC and the subgraph analysis there were significant differences. The different definitions of

mitochondrial/autophagy nodes are likely to cause the divergent results: under the subgraph

analysis processes were defined as proteins known to be involved in MPP+ induced cell death

whereas, in the selective BC approach processes were defined by GO annotations and so included

proteins which are not involved in the cellular response to the neurotoxin. Further, the selective

BC approach included paths that were outside the scope of the smaller union network formed

in the subgraph approach. Using the selective BC analysis 26 proteins were identified as critical

nodes across the two networks and six analyses.

4.3.3 Comparison to results from analysis other Parkinsons related PPIN

Three of the proteins (α-synuclein, P62 and 14-3-3ζ) identified through the network analysis

in this thesis were also identified in Rakshit et al.’s PPIN study of potential PD biomarkers,

although these proteins were not included in the authors’ list of 12 high priority biomarkers

[446]. Further, GABARAP, calmodulin, P62 and 14-3-3ζ were also identified in Konn’s PPIN

as α-synuclein interactors [302].

An interesting comparison can be drawn between the work in this thesis and the work of Rakshit

et al. as both studies attempted to identify critical proteins through topological analysis of

PD related networks. However, there are a number of important distinctions. Rakshit et al.

constructed a PD network and aimed to identify biomarkers; in contrast this thesis generated

an MPP+ network with the goal of identifying optimal intervention points, even where these
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proteins were unaltered following MPP+ exposure. This thesis utilised a manually constructed

list of seeds demonstrated to be involved in MPP+ pathology in comparison, Rakshit et al. used

a much larger list of proteins corresponding to differentially expressed genes in the brains of

PD patients. It is interesting to note that Rakshit et al. do not reproduce the results of other

studies using the same microarray data and the authors comment on the range of analytical

approaches that can be used to investigate microarray data [446]. Both this study and the work

of Rakshit et al. utilised BC based topological analyses in combination with biological intuition

to identify critical nodes. Whereas this thesis developed BC analyses to identify proteins that had

a specific role in connecting systems-level processes of interest (autophagy and mitochondrial

dysfunction), Rakshit et al. used biological intuition to prioritise the nodes highlighted by

less biologically driven topological analysis particularly those involved in cliques and with

associations with neurotransmitters. Given, the considerable methodological differences between

the two approaches, it is gratifying that common nodes are identified as critical to MPP+ and PD

pathology. However, the key advantage of the work presented in this thesis is the experimental

validation of these predictions.

Konns study of α-synuclein took a different approach, aiming to identify interactors with a

protein known to be central to PD pathology rather than considering the disease state as a

whole [302]. Therefore, his work was predominantly based on the construction of a set of high

confidence PPI, rather than the analysis of the topology of the resulting network. However, it is

intriguing to note that α-synuclein interacts with several of the intervention points identified by

the network analysis in this thesis; this perhaps further underlines the central role of α-synuclein

in PD and MPP+ pathology.

4.3.4 Biological roles of proteins identified by network analysis

Proteins relating to autophagy

A number of the proteins identified in this thesis are involved in autophagy. GABARAP, GBRL1,

GBRL2 and LC3 are involved in autophagosome maturation and elongation [353, 471] and P62

acts as an adaptor, targeting ubiquitinated proteins and organelles for degradation [352]. Ad-

ditionally, Beclin1 can induce autophagy [150], the inhibition of mTOR upregulates autophagy

[472] and VDAC1 is required for PINK1/parkin dependent mitophagy [180]. Although mi-

tophagy is one component of maintaining a population of healthy mitochondria, the balance of

mitochondrial fission and fusion is also crucial; the protein PPP2R2B (serine/threonine-protein

phosphatase 2A 55 kDa regulatory subunit Bβ isoform) is thought to help regulate mitochondrial
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fission/fusion and undergoes mitochondrial translocation following cell stress [200, 201]. Steiner

analysis also highlighted members of the BCL family, including BCL-2 and BCL-X which play

an important role in the initiation of autophagy and have been shown to mediate MPP+ toxicity

[154, 332, 473].

Proteins relating to apoptosis

The selective BC results included a number of proteins involved in the regulation of apopto-

sis in particular mitochondrial membrane permeabilisation and cytochrome C release. BAX

transcription (mediated by P53) and translocation to the mitochondria leads to membrane per-

meabilisation and cytochrome C release, whereas B2CL1 and BCL2 act as apoptotic inhibitors

[328, 450]. MCL1 is a further BCL-2 family protein and is able to either promote cell death or

cell survival [474]. VDAC1 (a mitochondrial membrane pore) plays a crucial role in maintaining

the potential across the mitochondrial membrane, allows the exchange of metabolites and is

essential for mitochondrial-mediated cell death [180]. TRAF6, IKKE and NEMO all play key

roles in NFκB induced cell death [468] and TNR1A activates TNF mediated cell death [475].

Proteins relating to α-synuclein

α-Synuclein was identified as a critical node by subgraph, Selective BC and Steiner analyses,

in the latter the protein had a critical briding position (Figure 4.8F ). α-Synuclein is central to

PD pathology [101], mutations and multiplications in the gene lead to genetic PD [19, 20] and

α-synuclein is the major component of LB found in the surviving DA neurones of PD patients

[9].

14-3-3ζ was also highlighted by a number of network analyses. This protein shows a high degree

of homology to α-synuclein [476], binds to LRRK2 [477] (mutations in which lead to genetic

PD) and activates TH [476] (the rate limiting enzyme in DA synthesis).

Both NEDD4 and were SNAP25 were highlighted by the Steiner type analysis. NEDD4 allows

the ubiquitination of α-synuclein and therefore its degradation and in yeast models of PD drugs

capable of ameliorating α-synuclein toxicity act via NEDD4 [93]. SNAP25 protein is part of

the SNARE complex (α-synuclein is a SNARE chaperone) and is involved in vesicle fusion,

alterations in the level of SNAP25 have been seen in α-synuclein OE models of PD [121].

Tau was identified through the Selective BC analysis. GWAS studies have demonstrated a signif-

icant association between variations in MAPT and increased risk of PD [31]. Tau’s key function
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is the stabilisation of microtubules, stabilisation is dependent upon tau’s phosphorylation state

and there is evidence of hyperphosphorylation in PD (and disease models) resulting in micro-

tubule destabilisation [130, 131, 463]. Vimentin (also identified by Selective BC analysis) is also

a key component of the cellular cytoskeleton found in mesenchymal cells [284], intensely vimentin

positive staining astrocytes have been found in affected areas of the brains of AD, Pick’s disease,

amyotrophic lateral sclerosis, multiple sclerosis and, to a lesser extent, PD sufferers [478].

Other proteins identified by network analysis

Although calcium homeostasis was not specifically investigated in this thesis, calcium influx and

buffering is thought to contribute to the high energy demands of the DA neurones [230, 231]

and both calmodulin and the CRAC channel were shown to have high selective BC.

4.3.5 Summary

PPIN enriched in MPP+ relevant processes were generated using the iRefIndex PPI database

and sampling using seedlists of proteins known to be involved in MPP+ pathology. Proteins

predicted to be critical in mediating mitochondrial dysfunction and its interplay with autophagy

were identified using a number of analyses. There was considerably overlap between the different

methods of target identification and known positive controls were recovered.

To test the network predictions, an in vitro MPP+ model will be used with protein KD to

mimic node deletions. The subgraph and selective BC analyses on the shortest-path PPIN were

prioritised for experimental validation (Table 4.23); these analyses had highlighted a number

of biologically interesting targets. Given the goal of identifying proteins which could alter

the crosstalk between mitochondrial dysfunction and autophagy, the ∆BC and selective BC∆

results from the shortest-path PPIN were experimentally tested. To have maximal impact on

the biological system (MPP+ induced neurotoxicity) it was predicted that multiple interventions

would be required.

To generate a target list one from the subgraph analysis, the top two network results (GBRL2

and P62) were selected. Given the redundancy previously reported in the GABARAP subfamily

[353, 370] and the high network score of GABARAP and GBRL1, GABARAP and GBRL1 were

also included in target list one. Target list one was restricted to four proteins to facilitate

the testing of all combinations (singles, doubles, triples and quadruple) and so that all proteins

could be both KD and OE.
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As a comparison, less biological intuition was used to generate target list two from the network

analysis. All proteins highlighted by the selective BC∆ (between autophagy and mitochondrial

dysfunction) were included in target list two with the goal of systematically testing this

network analysis. For the longer target list two, KD was prioritised to better mimic node

deletion and it was planned to limit KD combinations to all possible doubles.

Target list one Target list two

GBRL2 GBRL2
P62 14-3-3ζ

GBRL1 P53
GABARAP LC3B

P62
α-synuclein

Nemo
mTOR
GBRL1

Calmodulin
PPP2R2B

Table 4.23: Twelve protein targets (across two lists) were predicted to modulate
MPP+ toxicity. Target list one was generated through subgraph analysis Subsection 4.2.11
and target list two was generated through selective BC analysis Subsection 4.2.14.
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Chapter 5

Validation of network targets

5.1 Introduction

The key processes underlying MPP+ cytotoxicity and the principles behind the assays employed

were previously outlined (Section 3.1). Following extensive network analysis a number of proteins

predicted to have pivotal roles in an MPP+ model of PD were identified (Chapter 4). The

targets were divided into two lists: target list one (from subgraph analysis Subsection 4.2.11)

and target list two (from selective BC analysis Subsection 4.2.14) (Table 4.23).

This chapter focuses on the validation in silico predictions in the in vitro MPP+ model. The

proteins on the shorter, target list one will be modulated in both directions with the effects of

OE and KD explored. For the more extensive, target list two, KD will be studied to replicate

the node deletions that were explored in silico.

5.1.1 Techniques for protein modulation

Various techniques are used to modulate protein levels in vitro. This thesis utilised expression

constructs to achieve OE and siRNA mediated KD. OE relies upon the transfection of small

plasmids containing an additional copy of a gene of interest under the control of a promoter.

Successful transfection is followed by transcription and translation of the gene of interest by

endogenous cellular machinery. Such proteins may be expressed as fusion products with molec-

ular tags to allow endogenous and exogenous protein to be distinguished. siRNA mediated KD

utilises the RNA interference (RNAi) phenomenon to selectively destroy mRNA corresponding

to proteins of interest (Figure 5.1) [479]. Pre-validated siRNA targeting many human proteins

are commercially available.
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Figure 5.1: The mechanism of RNA interference (RNAi). The enzyme dicer cleaves
long double stranded RNA (dsRNA) and short hairpin RNA (shRNA) following their export
from the nucleus to generate small interfering RNA (siRNA); siRNA may also be exogenously
introduced. In a similar fashion Dicer converts endogenous pre-micro RNA (miRNA) to form
miRNA. siRNAs and miRNAs then interact with the RNA-induced silencing complex (RISC)
to form siRISC and miRISC respectively. During siRISC/miRISC formation, the passenger
RNA strand is destroyed leaving only the guide strand as part of the RISC complex; the guide
strand has a complementary sequence to the targeted mRNA. Complementary binding between
siRISC and mRNA results in argonaute2 (AGO2) mediated cleavage of the mRNA, and mRNA
destruction. In the miRISC complex, complementary base pairing is not exact and so the
binding of the miRISC complex to mRNA results in the suppression of translation, rather than
mRNA degradation. Under experimental conditions, cells may be transfected with synthetically
produced doubled stranded siRNA or plasmids expressing shRNAs.

5.1.2 Protein level modulations in MPP+ models of Parkinson’s disease

Protein level manipulations have previously been shown to modulate MPP+ toxicity, particularly

in the case of the proteins corresponding to mutated genes in familial PD. This laboratory has

previously demonstrated that α-synuclein KD is protective against MPP+ induced neurotoxicity

[114, 115]. In contrast, depletion of PINK1 potentiates MPP+ neurotoxicity in both in vivo and

in vitro settings [457]. In a similar manner, parkin KD using shRNA resulted in increased MPP+

vulnerability in the SH-SY5Y cell line [365]. OE models have also been utilised and the OE

of WT, although not mutant, DJ1 was protective against MPP+ induced neurotoxicity in the

M17 cell line [201]. The deleterious effect of OE of mutant forms of DJ1 were reversed by KD

of DRP1 [201].

Proteins not implicated in familial PD have also been experimentally modulated, further demon-

strating that alteration of protein level can potentiate or ameliorate MPP+ neurotoxicity. In Ko
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et al.’s study into the role of parkin in MPP+ toxicity, the authors demonstrated the critical role

of proto-oncogene ABL1 (ABL1) mediated parkin phosphorylation in cell death and through

ABL1 KD were able to protect cells [365]. Excitingly it was further shown that co-treatment

with the ABL1 inhibitor STI-517 was able to replicate the effect of protein KD. Ko et al.’s

work highlights how KD studies may be used as a precursor to pharmacological interventions,

a possible continuation of this thesis.

Chu et al. demonstrated that both siRNA and shRNA mediated KD of AIF (release of AIF

from the mitochondrial intermembrane space leads to caspase independent apoptosis) resulted

in decreased MPP+ toxicity [330]. Rescue was downstream of complex I inhibition and did not

affect basal viability but decreased chromatin condensation and TUNEL staining after MPP+

exposure. Admittedly under a somewhat different experimental paradigm, BAX and P53 KO

mice are protected from MPTP induced neurodegeneration and those expressing the human

form of BCL2 are protected from MPTP [331, 332, 480].

The proponents of the MPP+ induced autophagic cell death theory have also used KD studies to

support their arguments. Zhu et al.’s studies into the mechanism of MPP+ toxicity highlighted

the importance of ERK and its KD alleviated MPP+ induced cell death [152]. The authors

proposed an autophagic cell death pathway and to support their hypothesis demonstrated that

LC3B, ATG5 and ATG7 KD were able to rescue neurotoxicity.

As a further example of RNAi approaches, shRNA mediated KD of cyclin-dependent kinase

5 activator 1, P35 (P35) led to decreased cell viability and increased vulnerability to MPP+

whereas OE rescued neurotoxicity [454]. P35 is a neurone-specific activator of cyclin-dependent

kinase 5 (CDK5), which has been implicated in cell death in neurodegenerative disorders and the

complex is thought to be protective. Additionally, the siRNA mediated KD of MMP3 (known

to cleave α-synuclein and contribute to its aggregation) protected cells from MPP+ induced cell

death [462].

Although the above do not provide an exhaustive account of all protein KD investigated in

MPP+ models of PD, this thesis aims to convince the reader that there is precedence of protein

level modulation altering in vitro neurotoxicity. Protein level modulation is now extended to

test the results of PPIN analysis. Here follows a brief introduction to the roles of each protein (in

alphabetical order) modulated in this chapter; the role α-synuclein has already been extensively

discussed in Subsection 1.4.1.
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5.1.3 14-3-3ζ

The 14-3-3 family of proteins are ubiquitous and highly conserved, highest expression levels are

found in the brain where they make up approximately 1% of soluble protein [476]. In mammals

the family is made up of seven acidic 28-33 kDa proteins with five regions highly conserved

between family members [476]. The 14-3-3 proteins self-assemble to form a range of homo-

and hetero-dimers [481]. The dimers bind to a wide range of phosphorylated proteins, several

hundred binding partners across a range of cellular processes have been identified and 14-3-3

proteins may be involved at multiple levels in cellular cascades [476, 481]. Binding of 14-3-3

proteins can alter protein structure, activity and localisation [476, 481].

The 14-3-3 family were first discovered as activators of TH and their binding to mitochondrial

TH enhances DA production [111, 476]. Further, the 14-3-3 proteins bind to LRRK2 and binding

is disrupted in mutant forms of LRRK2 leading to the formation of cytosolic pools of LRRK2

[477]. α-Synuclein has a high degree of sequence homology with 14-3-3 family proteins [476] and

the two proteins interact. The 14-3-3 proteins are also anti-apoptotic, binding to BAX, BID and

BAD and inhibiting their action [476]. Therefore, it has been suggested that OE of α-synuclein

leads to sequestration of 14-3-3 proteins thereby promoting apoptosis [119, 336, 476]. The 14-3-3

proteins also colocalise with LB suggesting that they may have a role in α-synuclein aggregation

[476].

Modulation of 14-3-3 protein levels has been shown to modulate α-synuclein, rotenone and

MPP+ toxicity. Yacoubain et al. demonstrated that pan-inhibition of 14-3-3 proteins poten-

tiates MPP+ and rotenone neurotoxicity and that selective OE of θ and ε (although not ζ)

forms was protective [336]. Protection is thought to occur via increased 14-3-3 binding to BAX

and the consequent inhibition of apoptosis [337]. KD of 14-3-3ε results in increased vulnerabil-

ity to rotenone toxicity and α-synuclein aggregation and it has been suggested that increased

vulnerability occurs via an autophagic mechanism [482]. Additionally, microarray data indi-

cate differential expression of proteins involved in 14-3-3 signalling following MPP+ exposure

[304, 308].

Network analysis highlighted 14-3-3ζ as a protein of particular importance. Previously the

modulation of 14-3-3ζ has not been shown to alter MPP+ toxicity but the protein does colocalise

with LB in PD brains [476].
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5.1.4 ATG8 orthologs

The mammalian orthologs of ATG8 can be split into two subfamilies the LC3s and the GABARAPs

with increased sequence homology within each subfamily [370]. ATG8 proteins are an essen-

tial part of the autophagic machinery and, following cleavage by ATG4 to expose a C-terminal

glycine, are attached to the developing phagophore membrane via conjugation to PE [155].

There is significant functional redundancy within each subfamily but the two subfamilies have

subtly different roles with the LC3s crucial for phagophore elongation and the GABARAPs

involved in autophagosome maturation [353]. In addition to their role phagophore maturation,

the ATG8 analogues play a critical role in recruiting cargo for degradation. Several cargo re-

ceptors have been identified (P62, NBR1 (Next to BRCA1 gene 1 protein) and optineurin) and

interact with ATG8 analogues via the LIR (LC3 interacting region) motif [155]. The recruit-

ment of P62 allows for the degradation of ubiquitinated cargo including large (up to 2 µm) P62

positive inclusion bodies [352]. Although the ATG8 analogues are all attached to the developing

autophagosome and have similar roles in cargo recruitment, LC3B is classically used as marker

of autophagosomes in investigations of autophagy [350, 483].

Three publications within the last year have emphasised the importance of the ATG8 family

for autophagy [484]. Sawa-Makarska et al. demonstrated that ATG8 has multiple binding sites

ensuring tight cargo binding to the phagophore and the exclusion of non-cargo material [485].

Nath et al. reported that the conjugation of ATG8 family proteins to PE is dependent on

membrane curvature, ensuring a high concentration of the molecules on the leading edge of

the phagophore and preventing the conjugation of ATG8 orthologs to mature autophagosomes

[486]. Finally, Kaufmann et al. showed that conjugated ATG8s can act as a scaffold for the

ATG5-ATG12-ATG16 complex stabilising membrane curvature to allow cargo recruitment [487].

Alterations to autophagy are implicated in PD and MPTP/MPP+ models of the disease and

changes in LC3B levels and lipidation are widely reported (Subsection 3.1.6). Both subfamilies

are accumulated in LB in the brains of PD and dementia with LB patients [471]. Dephos-

phorylation of LC3s (although not GABARAPs) triggers their recruitment to autophagosomes

in response to MPP+ treatment [351]. The GABARAP subfamily has been less extensively

explored. However, GABARAP is a NIX (NIP3-like protein X) binding partner allowing for

possible crosstalk between apoptosis and autophagy [488].
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5.1.5 Calmodulin

Calmodulin is a key, highly conserved ubiquitously expressed calcium binding protein. Calmod-

ulin can bind to a wide range of proteins and thereby, regulate their activity in a calcium

dependent fashion. As discussed in Subsection 1.4.6, large, poorly buffered calcium influx are

thought to contribute to the vulnerability of the DA neurones on the SNpc in PD.

α-Synuclein and calmodulin have been shown to interact in vivo in a calcium dependent fashion

and it has been suggested that this interaction may modulate α-synuclein aggregation [235].

α-Synuclein OE results in increased intracellular calcium levels which are capable of modulating

the activity of numerous calmodulin binding partners [489]. Of particular relevance, Yang et al.

recently demonstrated that the phosphoinhibition of PP2A, caused by α-synuclein is mediated

by the kinase Src in a calmodulin dependent fashion [489].

There is some evidence of changes to calmodulin binding proteins in MPTP/MPP+ models of the

disease and treatment leads to increased intracellular Ca2+ levels [236]. Calmodulin antagonists

trifluoperazine, W-7 and calmidazolium treatment leads to partial rescue of MPP+ induced cell

death and decrease the loss of mitochondrial membrane potential, cytochrome C release, ROS

production and initiation of apoptosis [236].

5.1.6 mTOR

mTOR is a large kinase that plays a central role in the regulation of autophagy. mTOR forms

two distinct protein complexes (each with several binding partners) mTORC1 and mTORC2.

mTORC1 plays a pivotal role in the control of autophagy acting as the convergence points for

the signalling pathways for amino acid levels, growth factors including insulin and three distinct

glucose level signalling pathways [472]. Although mTORC2 was initially not thought to be

involved in the control of autophagy, it has been shown to phosphorylate AKT, a protein which

positively regulates mTORC1 activity and thereby supresses autophagy [490].

Under nutrient rich conditions mTORC1 phosphorylates ULK1/2 and ATG13 (both members

of the ULK1/2 complex - the mammalian ortholog of the yeast ATG1 complex) [472]. However,

under starvation conditions mTOR1 is inactivated and the loss of phosphorylation converts the

ULK1/2 complex to its active form leading to its translocation to the autophagosomal membrane

where the complex recruits other autophagy related proteins [472].

As discussed previously, some controversy exists as to whether such induction of autophagy is

protective or deleterious in the context of MPP+ toxicity (Subsection 3.1.6). However, follow-
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ing MPP+ treatment AKT mediated dephosphorylation of mTOR is observed resulting in the

increased initiation of autophagosome formation [357].

5.1.7 NF-κB essential modifier (Nemo)

NF-κB transcription factors mediate cellular responses to external stress, inflammatory stimuli

(including tumour necrosis factor-α (TNFα)) and interleukin-1 resulting in either cell survival

or apoptosis. Under normal conditions the transcription factors are retained in the cytoplasm by

inhibitors of NF-κB (IκBs). However, following external stimuli the IκBs are phosphorylated by

the IκB kinase (IKK) complex targeting them for proteasomal degradation and leading to nuclear

translocation of NF-κB [468]. Upon nuclear translocation the NF-κB transcription factors bind

as dimers to κB sites in gene promoters and enhancers leading to increased transcription of

target genes [468]. The IKK complex is made up of the catalytic subunits IKKα and IKKβ and

multiple copies of the regulatory subunit, NF-κB essential modifier (Nemo) [468]. Activation

of the IKK complex typically depends upon the ubiquitination of Nemo, allowing interactions

between the complex and proteins containing ubiquitin binding domains [468].

Inflammation is thought to play a role in PD pathology and NFκB activation has been demon-

strated in brain samples from PD patients, MPTP treated mice and primates and some MPP+ in

vitro models [491, 492]. In the SH-EP1 cell line NFκB activation partially mediates neurotoxin

induced cell death via JNK activation [493].

Further, by preventing the activation of NFκB, MPTP induced neurodegeneration can be rescued

in mouse and primate models [491]. However, in SH-SY5Y cells NFκB activation following

MPP+ treatment is pro-survival and in MN9D cells no activation is observed following MPP+

treatment [493, 494]. Muller-Rischart et al. showed that parkin induces ubiquitination of Nemo

resulting in increased expression of the mitochondrial protein OPA1 (optic atrophy 1), known to

promote mitochondrial fusion, and thereby a protection from stress induced cell death [495]. The

authors suggested that parkin has an adaptive role, activating an NFκB mediated pro-survival

response in cases of moderate stress and mitophagy in instances of more severe mitochondrial

stress [495].

5.1.8 P53

P53 is a key tumour suppressor gene and is widely mutated in tumours. The protein acts as

a transcription factor and controls cell division or can activate apoptosis [496]. Under basal

conditions proteins including MDM2 (E3 ubiquitin-protein ligase MDM2) negatively regulate
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P53, promoting its degradation, blocking the protein’s transcriptional activity and promoting

the export of P53 from the nucleus [496]. Upon DNA damage P53 and MDM2 are both phos-

phorylated by ATM (ataxia telangiectasia mutated) preventing their interaction and activating

P53. This leads to the translocation of P53 to the nucleus and the increased transcription of

apoptotic proteins, including BAX and caspase-3 [496, 497].

P53 activation has been demonstrated in the context of MPP+ toxicity and it is thought that

ROS leads to the oxidation of nuclear DNA. It has further been shown that the effects of

MPP+ are ablated in P53 KO models [480]. P53 inhibitors protect MPTP treated mice from

neurodegeneration and co-treatment of MPP+ treated PC12 cells with P53 inhibitors decreases

both BAX transcription and apoptotic cell death [498]. In a microarray study of PC12 cells,

MPP+ treatment led to increased transcription of the P53 regulated gene Ephrin A1 [306].

A number of PD related genes have been linked to P53 [499]. Parkin represses the transcrip-

tional activity of P53 and protects cells from the caspase-3 mediated cell death induced by the

neurotoxin 6-OHDA, an effect which is abrogated when mutant parkin is expressed [500]. The

cyto-protective effects of DJ1 have also been linked to the repression of P53 transcriptional ac-

tivity. OE of DJ1 results in decreased BAX expression and decreased caspase activation with

the opposite results seen following KD [501]. The relationship between α-synuclein and P53

is somewhat more complex. Although α-synuclein OE models are generally toxic, it has been

suggested that the protein has an anti-apoptotic activity through the negative regulation of P53

[502]. The interaction of P53 and α-synuclein has been explored in vivo and the motor-neurones

of A53T-α-synuclein transgenic mice stain positively for P53 in a manner consistent with ob-

served cell death, P53 also localises with the outer mitochondrial membrane in affected cells

[503].

The involvement of P53 in both neurotoxin and genetic models of PD has even led to the

suggestion that P53 may unify genetic and sporadic cases of PD by a single mechanism [504].

5.1.9 P62

P62 acts as an adaptor targeting ubiquitinated molecules for degradation by autophagy through

interaction with ATG8 homologs (LC3 and GABARAP proteins) [352]. The colocalisation of

P62 with autophagosomes is increased following treatment with MPP+ [505].

P62 also plays a key role in the aggregation of ubiquitinated proteins where autophagy is impeded

[352]. Komatsu et al. demonstrated that ablation of P62 prevented aggregate formation and the

authors suggested that accumulation of P62 might, in itself, be deleterious [506]. However, LB
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also contain considerable P62 which is thought to play a critical role in protective α-synuclein

aggregation [507]. Where cells are treated with exogenous α-synuclein, P62 is required for the

autophagic degradation of the inclusions formed [173].

Through its roles in aggregation and cargo targeting, P62 is essential for PINK1/parkin medi-

ated mitophagy. Following mitochondrial depolarisation PINK1 recruits parkin to the damaged

mitochondria where P62 in turn mediates the formation of polyubiquitinated chains - including

the ubiquitination of VDAC1. Ubiquitination allows P62 binding, mitochondrial aggregation

and targeting for autophagic degradation [180].

However, where autophagy is inhibited cytosolic levels of P62 are increased hindering the protea-

somal breakdown of ubiquitinated molecules, by delaying their delivery to the proteasome and

leading to their accumulation [508]. P53 is one such proteasomal substrate and its P62 depen-

dent accumulation, following the inhibition of autophagy, may partially explain the deleterious

effects of dimished autophagic flux [508].

The roles of P62 extend beyond the realm of autophagy and Moscat et al. have described, ‘P62

at the crossroads of autophagy, apoptosis, and cancer’ [509]. P62 is thought to mediate NFκB

activation upstream of interleukin 1. Further, P62 in intracellular speckles interacts with TRAF6

and caspase-8 resulting in activation of NFκB or apoptosis respectively [509]. Thereby, P62 may

determine whether cells undergo protective NFκB mediated responses or apoptosis following

cellular stress. The accumulation of P62 also promotes tumorigenesis possibly mediated by

increased ROS levels [510].

5.1.10 PPP2R2B

Protein phosphatase 2A (PP2A) is a highly conserved protein which acts to antagonise kinases

and thereby regulate many cellular functions [511]. The protein is made up of three subunits:

the ubiquitous catalytic and scaffold subunits and a variable regulatory subunit [511]. The

regulatory subunit controls substrate specificity and subcellular localisation and there are 12

mammalian genes encoding variants of the protein [511]. The main neuronal regulatory subunit

is encoded by the gene PPP2R2B which has two splice isoforms Bβ1 and Bβ2 [512]. Expansions

of the CAG repeat in a non-coding portion of PPP2R2B lead to the neurodegenerative disease

spinocerebellar ataxia type 12 (SCA12) and it is thought that this may occur via changes in the

ratio of the two splice isoforms [513].

Of particular relevance to PD, PP2A is a key regulator of tau phosphorylation. The phosphatase

dephosphorylates the protein with variable efficiency at the different sites and additionally PP2A
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acts as an inhibitor of GSK-3β [514]. PP2A is also an important determinant of α-synuclein

phosphorylation status and increased PP2A activity results in decreased α-synuclein aggregation

and neurotoxicity [515]. However, aggregated α-synuclein increases the phosphoinhibition of

PP2A resulting in further α-synuclein phosphorylation such that the pattern of phosphorylation

and aggregation could be self-sustaining [489].

The two isoforms have different subcellular localisation, Bβ1 is primarily cytosolic whereas Bβ2

localises to the mitochondria [512, 516]. Bβ2 promotes apoptosis via mitochondrial fragmen-

tation (via dephosphorylation of DRP1), increased ROS production and upregulation of mi-

tophagy, particularly upon cellular stress (including rotenone treatment) [512, 513, 516]. How-

ever, partial rescue was achieved by inhibition of autophagy in PC12 cells OE Bβ2 [516].

5.1.11 Aims of chapter

Having characterised the MPP+ model of PD in the BE(2)-M17 cell line (Chapter 3) a series of

PPIN were built to model in vitro MPP+ (Chapter 4). Analysis of these PPIN resulted in two

lists of protein targets (target lists one and two (Table 4.23)). The key goal of this chapter

was to validate in silico predictions in vitro. This task was divided into the following steps:

1. Modulation of the members of target list one (GBRL2, P62, GBRL1, GABARAP) via

KD and OE.

2. Investigation of effects of modulation of the members of target list one on cellular via-

bility and MPP+ vulnerability.

3. KD of members of target list two (GBRL2, 14-3-3ζ, P53, LC3B, P62, α-synuclein, Nemo,

mTOR, GBRL1, calmodulin, PPP2R2B).

4. Investigation of the effects of KD of members of target list two on cellular viability and

MPP+ vulnerability.

5. Study into the mechanisms of any neuroprotective effects.

KD was prioritised to model node deletion, KD is also more analogous to the effects that might

be achieved via pharmacological interventions. However, OE was also tested for the members

of the shorter target list one.

159



5.2 Results

5.2.1 Expression levels of target list one following MPP+ treatment and KD

The previous microarray analysis (Subsection 3.2.5) was used to measure transcript levels corre-

sponding to the members of target list one (Figure 5.2). There were no differences in transcript

levels of any of the proteins following MPP+ treatment. The microarray data suggested very

low levels of the GBRL1 transcript.

Given the poor correlation between transcript and protein expression levels [517], protein levels

were measured by WB (Figure 5.3). Endogenous levels of GBRL2 protein were too low to

detect by WB, despite good antibody reactivity with transfected protein (Figure 5.6). The other

three targets were detected by WB, no change to protein levels was seen following exposure to

MPP+. A second band corresponding to lipidated form GABARAP was detected; GABARAP-II

corresponds to the autophagosomal form of the protein and is analogous to LC3B-II. However, in

contrast to LC3B (Figure 3.14) there was no change in the ratio of GABARAP-II/GABARAP-I

following MPP+ treatment. Given that the GABARAP-II/GABARAP-I ratio was unaffected by

MPP+ treatment and the GABARAP-II band was faint, further WB were run without resolving

the two bands.

Having confirmed endogenous expression of P62 and GABARAP, with protein levels unaffected

by neurotoxin exposure, siRNA mediated KD was validated. KD was confirmed by WB with an

average decrease in protein levels of 81% and 86% for P62 and GABARAP respectively. GBRL1

and GBRL2 KD was not attempted due to the low endogenous levels of these proteins.

Figure 5.2: mRNA levels of target list one are not affected by MPP+ treatment. Cells
were treated with MPP+ (100 µM) for 24 h. RNA was extracted and analysed using Human
Gene 2.0 ST Arrays. Bars represent means ± SEM (n=3).
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Figure 5.3: Protein levels of target list one are not affected by MPP+ treatment.
Cells were treated with MPP+ for 48 h, protein levels measured by WB (A to C) and band
density normalised relative to actin loading controls (D to G). Bars represent means ± SEM
(n=3). Data were analysed using t tests.

5.2.2 Overexpression of target list one

Having achieved KD of the proteins expressed endogenously the OE of all four targets was

optimised using previously validated expression constructs. Constructs were obtained, expressed

in E.coli, purified and restrictions digests used to confirm plasmid identity and purity (Figure

5.5).

Cells were transfected with the purified plasmids and expression confirmed by WB and flu-

orescence microscopy for the EGFP fused GABARAP subfamily proteins (Figure 5.6). WB

confirmed successful expression of the expression constructs. The transfected P62 was fused to

an HA tag which led to little change in molecular mass and therefore the native and transfected

proteins were not separated by WB (Figure 5.6A). In contrast, the GABARAP subfamily pro-
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Figure 5.4: GABARAP and P62 knockdown can be achieved using siRNA. Cells were
lipofected with appropriate siRNAs (50 nM); control cells were treated with a non-targeting
siRNA. Cells were harvested 72 h after transfection and protein levels measured by WB (A
and B) and band density normalised relative to actin load controls (C and D). Bars represent
means ± SEM (n=3). Data were analysed using t tests, ** represents P≤0.01 and *** represents
P≤0.001.

teins were fused to EGFP which led to a significant increase in molecular mass (Figure 5.6B).

Some cross reactivity was observed between the GABARAP subfamily antibodies as has been

previously reported [518]. Live-cell fluorescence microscopy confirmed expression of the fusion

constructs when transfected individually (Figure 5.6D-F ) or in concert (Figure 5.6G). It should

be noted that only 20-30% cells were successfully transfected. There was no difference to the

number of transfected cells when the three GABARAP proteins were overexpressed individually

or simultaneously (Figure 5.6G and H ).

5.2.3 Effect of modulation of target list one on vulnerability to MPP+

Having optimised KD and OE of target list one the effects of protein modulation on cellular

viability and MPP+ vulnerability were explored. The cytotoxicity of MPP+ was followed using

TMRM fluorescence to measure mitochondrial membrane depolarisation, neutral red absorption

as a marker of cellular ATP and cell counts to assess cell death. As noted in Chapter 3 all three

assays indicated significantly decreased cellular viability following MPP+ exposure.
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Figure 5.5: Overexpression constructs corresponding to target list one were puri-
fied. Vector maps of plasmids used to express P62-HA (A), EGFP-GABARAP (B), EGFP-
GBRL1 (C) and EGFP-GBRL2 (D). E Gels following maxipreps and digestion with relevant
enzymes to confirm plasmid identity. Restriction enzymes used and expected fragments: P62-
HA: DrdI (921, 1731, 3497), EGFP-GABARAP: RsrII (2137, 2948), EGFP-GBRL1:Eco01091
(2713, 2372), EGFP-GBRL2: BamHI (220, 4865).

Following GABARAP and P62 KD no change was seen in TMRM fluorescence, neutral red

absorption or cell counts in either the absence or presence of the neurotoxin MPP+ (Figure

5.7A, C and E ). However, when the two proteins were simultaneously KD decreased neutral

red absorbance was observed in both the absence (89% control) and presence of MPP+ (39%

control compared to 63% without KD) (Figure 5.7D). Further, decreased cell counts (31% control
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Figure 5.6: Target list one proteins can be overexpressed in vitro Cells were lipofected
using 1.5 µg of plasmid DNA and 48 h after transfection cells were harvested for WB (A and
B) or imaged using fluorescence microscopy (C to G). A OE of HA-P62 with actin loading
control. B OE of GABARAP-EGFP, GBRL1-EGFP, GBRL2-EGFP or all three plasmids, each
sample separately probed with each antibody. C to G Cells were transfected with control (C),
GABARAP-EGFP (D), GBRL1-EGFP (E), GBRL2-EGFP (F) or combination of the three
GABARAP constructs (G), cells are viewed at 20 x magnification (scale bars represent 70 µm)
using appropriate filter to detect EGFP fluorescence. H the number of EGFP cells was counted
to estimate transfection efficiency. Bars represent means ± SEM (n=3).

compared to 50% without KD) were seen following MPP+ exposure (Figure 5.7F ). These results

indicated that the combined KD potentiated MPP+ cytotoxicity. However, there was no change

in TMRM fluorescence in either untreated or MPP+ treated cells (Figure 5.7B).

Having determined that combined KD of target list one increased cellular vulnerability to
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MPP+, the effects of both single and combined OE were explored. None of the individual OE

altered cellular viability in either the absence or presence of MPP+ as measured by TMRM

fluorescence, neutral red absorption or cell counts (Figure 5.8A, C and E ). The combined OE

had no effect on cellular viability in the absence of MPP+ and there was no change in TMRM

fluorescence following MPP+ treatment (Figure 5.8B). However, the combined OE resulted in

a rescue of MPP+ induced neurotoxicity as measured by the neutral red assay and cell counts.

Neutral red absorption was increased to 78% of control cells, compared to 56% without the OE

(Figure 5.8D). In a similar fashion, cell counts were increased to 103% of control cells, compared

to 67% without OE (Figure 5.8F ).

Following the observation of a protective effect, the minimal effective OE set was determined.

Each possible pair and triple of target list one was OE in concert and cellular vulnerability to

MPP+ measured (Figure 5.9). No rescue was observed in any of the combinations not containing

P62. Additionally the combination of P62 and either GABARAP or GBRL2 was ineffective.

However, P62 in combination with GBRL1 or any two member of the GABARAP subfamily

resulted in protection from MPP+ induced neurotoxicity. This suggested redundancy within the

GABARAP subfamily, but also confirmed the need for multiple interventions.

5.2.4 An autophagic mechanism of protection for target list one

Given that each of the members of target list one has a role in autophagy (Subsections

5.1.9 and 5.1.4) and MPP+ treatment was previously shown to decrease the rate of protein

degradation (Subsection 3.2.3) it was hypothesised that the observed protective effect occurred

via an autophagic mechanism.

LC3B lipidation was measured by WB following the protective combined OE in the absence and

presence of MPP+ (Figure 5.10A). Although MPP+ treatment resulted in increased lipidation

(as previously reported in Subsection 3.2.3) there was no difference in lipidation following the

combined OE of target list one (Figure 5.10B).

The radio-label pulse-chase assay optimised in Subsection 3.2.3 was used to measure the rate

of protein degradation following the OE with a GFP expressing plasmid (pHGCX) used as a

control plasmid to account for the effect of exogenous DNA on autophagy (Figure 5.10C ). Al-

though MPP+ treatment resulted in decreased autophagic flux there was no difference following

transfection with either the combination of target list one or the control plasmid.

ICC was then used to gain a better understanding of the effect of the combined OE on autophagy.

Prior to investigation of autophagy following OE of target list one, the identification of LC3B

165



Figure 5.7: Combined KD of target list one potentiates MPP+ toxicity. Cells were
transfected with appropriate siRNAs (50 nM); control cells were treated with a non-targeting
siRNA. Combined KD indicates simultaneous P62 and GABARAP KD. Then, 24 h after lipo-
fection, cells were treated with MPP+ (100 µM). A and B mitochondrial membrane polarisation
was measured using via TMRM fluorescence 24 h after MPP+ treatment (average unnormalised
control fluorescences were 11246 and 841 RFU for A and B respectively). C and D cell viabil-
ity was estimated using neutral red uptake 36 h after MPP+ treatment (average unnormalised
control absorbances were 0.532 and 0.369 for C and D respectively). E and F cell death was
assessed by counting the number of morphologically normal cells in bright field images 48 h
after MPP+ treatment (average unnormalised cell counts were 180 and 130 for E and F respec-
tively). Bars represent mean ± SEM (n=3), data were analysed using a 2-way ANOVA with
Sidak multiple comparison test * represents P ≤0.05, ** represents P≤0.01 and *** represents
P≤0.001.

and LAMP1 puncta was optimised in control cells (Figure 5.11). Although LC3B staining

was reasonably diffuse, both LC3B and LAMP1 puncta were detected in control and MPP+

treated cells. Under neither condition could extensive colocalisation be detected by eye and,

despite several attempts, automatic puncta identification remained unsuccessful in the M17

cells. Following 36 h MPP+ treatment, significant changes to cellular morphology, consistent

with apoptotic cell death, were detected complicating assessment of changes to puncta numbers

or staining intensity.

Following transfection, P62 and EGFP positive puncta were identified in some cells. Coverglasses
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Figure 5.8: Combined OE of target list one rescues MPP+ toxicity. Cells were trans-
fected with DNA (1.5 g); 24 h after transfection cells were treated with MPP+ (100 µM).
Combined OE indicates the combined OE of P62, GABARAP, GBRL1 and GBRL2. A and B
mitochondrial membrane polarisation was measured using via TMRM fluorescence 24 h after
MPP+ treatment (average unnormalised control fluorescences were 6002 and 5985 RFU for A
and B respectively). C and D cell viability was estimated using neutral red uptake 36 h after
MPP+ treatment (average unnormalised control absorbances were 0.418 and 0.435 for C and
D respectively). E and F cell death was assessed by counting the number of morphologically
normal cells in bright field images 48 h after MPP+ treatment (average unnormalised cell counts
were 173 and 82 for E and F respectively). Bars represent mean ± SEM (n=3), data were anal-
ysed using a 2-way ANOVA with Sidak multiple comparison test * represents P ≤0.05 and **
represents P≤0.01.

were costained with antibodies against GABARAP, GBRL1 and GBRL2 to confirm that the

EGFP puncta represented the fusion proteins (Figures 5.12). In each case, puncta positive

for P62, EGFP and the relevant GABARAP subfamily antibody were identified. Background

staining was observed when using the GABARAP and GBRL2 antibodies which may have been

due to endogenous protein, although native GBRL2 was not detected by WB. Although no P62

staining was seen in non-transfected cells under the microscope settings used to collect images,

when exposure time was extended and light intensity increased, the endogenous protein could

be detected (results not shown).
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Figure 5.9: The minimal effective OE set of target list one contains P62 and mem-
bers of the GABARAP subfamily. Cells were transfected with of DNA (1.5 g); 24 h after
transfection cells were treated with MPP+ (100 µM) and 36h later cellular viability was esti-
mated using neutral red uptake. A minimal OE set was determined by sequentially testing each
pair and triple combination of OE. Bars represent mean ± SEM (n=3), 1-way ANOVA with
Dunnett multiple comparison test to MPP+ control (average unnormalised control absorbance
was 0.507), * represents P≤ 0.05, ** represents P≤0.01.

Having confirmed that the EGFP signal mirrored GABARAP subfamily staining, the EGFP

signal was used for further puncta identification. The P62/GABARAP subfamily puncta were

shown to colocalise with the autophagosomal marker LC3B under both control and MPP+

treatment conditions indicating the formation of autophagosomes (Figure 5.13).

However, the puncta did not colocalise with the mitochondrial protein Tom20 under either

control or MPP+ treatment conditions (Figure 5.14), therefore, the images do not provide

evidence of mitophagy. The P62/GABARAP subfamily puncta also did not colocalise with

LAMP1 puncta under either control or MPP+ treatment conditions (Figure 3.5). The LAMP1

puncta are lysosomes and the fusion of autophagosomes and lysosomes allows for the degradation

of the autophagosome’s contents. There is no evidence of such fusion between the GABARAP

puncta and lysosomes in these ICC experiments.

5.2.5 Expression of target list two following MPP+ treatment and KD

Following initial success with target list one, investigations were extended to the more extensive

target list two elucidated by the selective BC analysis (Subsection 4.2.14). This section of work

focussed on the KD of targets as node deletion better replicates the in silico analysis. Given

that endogenous levels of GBRL1 and GBRL2 were too low for KD (Subsection 5.2.1) attention

was focussed on the following members of target list two: α-synuclein, 14-3-3ζ, calmodulin,

LC3B, mTOR, Nemo, P53, P62 and PPP2R2B.
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Figure 5.10: Combined OE of target list one does not affect autophagic flux. A Cells
were transfected with the combined plasmid set and then treated with MPP+ (100 µM), LC3B
lipidation was measured by WB and the ratio of lipidated to unlipidated protein calculated (B).
C Radio-labelled cells were transfected with combined plasmid set or control (pHGCX) plasmid,
24 h post transfection the amount of protein breakdown in a 12 h window was calculated using
the pulse-chase assay in both presence and absence of MPP+ (100 µM). Bars represent mean ±
SEM (n=3), data were analysed with 2-way ANOVA with Sidak’s multiple comparison test to
control, * represents P≤0.05 and ** represents P≤0.01

Again, the microarray data (Subsection 3.2.5) were used to measure the levels of transcripts

corresponding to each target protein (Figure 5.16). There were two order of magnitude differ-

ences between the expression levels of the different genes, however, there was no difference in

the transcript levels of any of the members of target list two following MPP+ treatment. The

human protein calmodulin is encoded for by three distinct genes across three different chromo-

somes. Therefore, the Affymetrix Human ST 2.0 gene array contains a number of probes and

the signal for each of probe is shown in Figure 5.16B.

Following optimisation of antibodies, the protein expression level of each member of target

list two was measured by WB in the absence and presence of MPP+ (Figure 5.17). Very low
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Figure 5.11: LC3B and LAMP1 puncta can be detected in untransfected cell. Control
and MPP+ treated (36 h, 100 µM) cells were fixed and immunocytochemistry used to detect
LC3B and LAMP1. Cells were imaged at 60 x magnification, scale bar represents 50 µm.
Illustrative puncta are shown with arrows.

protein levels of α-synuclein were observed, despite the use of three antibodies and several lysate

preparation methods. However, a band was eventually detected with the assistance of a positive

control (lysate from brain of SNCA overexpressing mouse [121]). There were no changes to

protein levels of 14-3-3ζ, LC3B, mTOR, PPP2R2B, α-synuclein or calmodulin following 48 h

MPP+ treatment (Figure 5.18A, B, C, G, H and I ). However, the protein levels of P62, P53 and

Nemo were significantly decreased at this time point (Figure 5.18D, E and F ). Given the role
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Figure 5.12: EGFP signal and GABARAP subfamily proteins colocalise. Cells were
transfected with the combined plasmid set and 48 h later cells were fixed and immunocytochem-
istry used to detect GBRL1 (A), GBRL2 (B) or GABARAP (C) and P62. Cells were imaged
at 60 x magnification, scale bar represents 10 µm.

of the proteins in MPP+ induced cell death (Subsections 5.1.8 and 5.1.7), the decreased levels

of P53 and Nemo were somewhat unexpected. Therefore, the level of each of the three proteins

showing altered expression at 48 h was investigated at earlier timepoints. Following 6, 12, 24 or
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Figure 5.13: Target list one puncta colocalise with LC3B. Cells were transfected with the
combined plasmid set and 24 h later cells were treated with control media (A) or MPP+ (100
µM) (B). After a further 24 h, cells were fixed and immunocytochemistry used to detect P62
and LC3B (EGFP signal was used to detect GABARAP subfamily proteins). Cells were imaged
at 60x magnification, scale bar represents 10 µm.

36 h MPP+ treatment there was no change to the expression level of P62, P53 or Nemo (Figure

5.19). However, P53 and P62 expression levels were dependent on culture time.

Having measured protein expression levels, siRNA mediated KD of each member of target list

two was optimised (Figure 5.20 and Figure 5.21). The following average KD were achieved:

14-3-3ζ - 66%, LC3B - 63%, mTOR - 69%, P62 - 68%, P53 - 77%, Nemo - 53%, PPP2R2B -

172



Figure 5.14: Target list one puncta do not colocalise with Tom20. Cells were transfected
with the combined plasmid set and 24 h later cells were treated with control media (A) or MPP+

(100 µM) (B). After a further 24 h, cells were fixed and immunocytochemistry used to detect
P62 and Tom20 (EGFP signal was used to detect GABARAP subfamily proteins). Cells were
imaged at 60 x magnification, scale bar represents 10 µm.

53%, α-synuclein - 58% and calmodulin - 52%. Calmodulin KD required a pool of three siRNA,

one targeting each of the genes.
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Figure 5.15: Target list one puncta do not colocalise with LAMP1. Cells were transfected
with the combined plasmid set and 24 h later were treated with control media (A) or MPP+

(100 µM) (B). After a further 24 h, cells were fixed and immunocytochemistry used to detect
P62 and LAMP1 (EGFP signal was used to detect GABARAP subfamily proteins). Cells were
imaged at 60 x magnification, scale bar represents 10 µm.

5.2.6 Effect of knockdown of target list two on cellular viability and au-

tophagy

Having optimised the siRNA mediated KD of target list two, the effect of KD on cellular

viability was investigated. Given the need for multiple testing corrections, a power calculation
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Figure 5.16: mRNA levels of target list two are not affected by MPP+ treatment. Cells
were treated with MPP+ (100 µM) for 24 h. RNA was extracted and analysed using Human
Gene 2.0 ST Arrays. B: Calmodulin gene expression based on the seven different probes. Bars
represent means ± SEM (n=3).

was performed to determine the number of repeats required to see a medium sized effect with a

P value of 0.05 and a power of 0.8. To achieve these parameters, seven independent repeats of

each experiment was performed.

Cellular viability was estimated using neutral red absorbance (a measure of cellular ATP),

TMRM fluorescence (a measure of mitochondrial membrane depolarisation) and MTT reduction

(Figure 5.22A-C ). The radio-label pulse-chase assay was used to measure the extent of protein

degradation in a 12 h window (Figure 5.22D). The individual KD of target list two did not

alter cellular viability as measured by any of the assays. Autophagic flux was decreased following

the KD of mTOR (67% control) and P62 (61% control), but no change was seen following the

KD of other proteins in target list two, including LC3B.

5.2.7 Effect of knockdown target list two on MPP+ vulnerability

The same series of assays was repeated in the presence of MPP+ (Figure 5.23). No consistent

changes in MPP+ vulnerability were observed following any of the KD of target list two.

However, high levels of inter-experiment variability in the MTT assay may have hindered the
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Figure 5.17: All members of target list two are expressed at protein level in M17
cells. Cells were treated with MPP+ (100 µM) for 48 h and protein levels measured by WB.

detection of small effects. Interestingly, and in contrast to the previous figure, no changes to

protein degradation were observed in the presence of MPP+ following any of the KD. As a

control, it was confirmed that MPP+ treatment decreased autophagic flux in combination with

transfection with a non-targeting siRNA.

5.2.8 Effect of pairwise knockdown of target list two

Given the earlier success of multiple interventions from target list one, the effect of each

possible pairwise KD combination of target list two was explored in both the absence and

presence of MPP+. Pairwise experiments were performed in a 96-well format, so that each

possible combination could be investigated on a single plate. Again, multiple testing corrections

were essential and the number of repeats was maximised given both time and cost constraints,

resulting in 12 independent experiments for each assay. Calmodulin KD was not used in the

pairwise assays due to the need for three distinct siRNAs to effect KD.

The effect of each pairwise KD in both the absence and presence of MPP+ (100 µM) was

measured using the neutral red (Figure 5.24), MTT (Figure 5.25) and live-cell protease assays

(Figure 5.26). In the absence of KD (non-targeting siRNA) the following average viabilities
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Figure 5.18: P62, P53 and Nemo protein levels are decreased following 48 h MPP+

treatment, other target list two members are unaltered. Cells were treated with MPP+

for 48 h and protein levels measured by WB. Band density normalised relative to actin loading
controls. Bars represent means ± SEM (n=3). Data were analysed using t tests, * represents
P≤0.05.

were seen after MPP+ treatment: neutral red - 40%, MTT - 35%, live-cell protease activity -

74%. Following corrections for multiple testing, no significant effect was seen following any of

the pairs of target list two KD under either control or MPP+ conditions. Further, when the

data from all pairwise KD were grouped there was no difference to average MPP+ vulnerability

between KDs and controls (non-targeting siRNA).
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Figure 5.19: P62, P53 and Nemo expression is unaltered following 6-36 h MPP+

exposure. Cells were treated with MPP+ (100 µM) for 6-36 h and protein levels measured by
WB. Band density normalised relative to actin loading controls. Bars represent means ± SEM
(n=3). Data were analysed using a 2-way ANOVA with Sidak multiple comparison test for each
time point.
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Figure 5.20: Target list two KD can be achieved using siRNA. Cells were transfected
with appropriate siRNAs (50 or 100 nM) and protein levels assessed by WB 48 h later.
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Figure 5.21: Optimised siRNA conditions achieve 52-77% knockdown of target list
two. Cells were transfected with appropriate siRNAs (50 or 100 nM) and protein levels assessed
by WB 48 h later. Band density was normalised relative to actin loading controls. Bars represent
means ± SEM (n=3), data were analysed with t tests, * represents P≤0.05, ** represents P≤0.01
and **** represents P≤0.0001.
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Figure 5.22: Knockdown of members of target list two does not affect cellular viability.
A to C Cells were transfected with appropriate siRNAs (50 or 100 nM) (control cells were treated
with a non-targeting siRNA) and 48 h later cellular viability was estimated using neutral red
absorbance (A) (average unnormalised control absorbance was 0.616), TMRM fluorescence (B)
(average unnormalised control fluorescence was 3863 RFU) and MTT reduction (C) (average
unnormalised control absorbance was 0.388). D Radio-labelled cells were transfected with siRNA
(50 or 100 nM), 24 h post transfection the amount of protein breakdown in a 12 h window was
calculated using a pulse-chase assay. Bars represent means ± SEM (n=7), data were analysed
using a 1-way ANOVA with a Dunnett test for multiple comparisons.
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Figure 5.23: Knockdown of members of target list two does not affect cellular vul-
nerability to MPP+. A to C Cells were transfected with appropriate siRNAs (50 or 100
nM) (control cells were treated with a non-targeting siRNA), 24 h later cells were treated with
MPP+ (100 µM) and cellular viability was estimated using neutral red absorbance (36 h post
MPP+ exposure) (average unnormalised untreated control absorbance was 0.318) (A), TMRM
fluorescence (24 h post MPP+ exposure) (average unnormalised untreated control fluorescence
was 8569 RFU) (B) and MTT reduction (48 h post MPP+ exposure) (average unnormalised un-
treated control absorbance was 0.318) (C). D Radio-labelled cells were transfected with siRNA
(50 or 100 nM), 24 h post transfection the amount of protein breakdown in a 12 h window was
calculated in the presence of MPP+ (100 µM) using a pulse-chase assay. Bars represent means
± SEM (n=7), data were analysed using a 1-way ANOVA with a Dunnett test for multiple
comparisons.
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Figure 5.24: Pairwise knockdown of target list two does not alter neutral red accumu-
lation under control conditions or following MPP+ treatment. Cells were transfected
with pairwise combinations of siRNA (50 or 100 nM) (control cells were treated with a non-
targeting siRNA) and cellular viability was estimated using neutral red uptake. A Bottom left
half of plate was MPP+ treated (100 µM) 24 h after transfection (top right half of plate was not
exposed to neurotoxin) and neutral red absorbance measured 36 h later. Average unnormalised
control absorbance was 0.917. Viability is shown using a colour scale with green indicating high-
est viability and red representing lowest viability; the colour scale is consistent across Figures
5.24, 5.25 and 5.26. B Overall effect of pairwise KD on cellular vulnerability to MPP+ treat-
ment, bars represent mean ±SEM (n=12) of all wells with and without KD, data were analysed
using a t-test. C and D Neutral red absorbance of each pairwise combination in the absence
(C) and presence (D) of MPP+. Bars represent means ±SEM (n=12), data were analysed using
a 1-way ANOVA with a Dunnett test for multiple comparisons.
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Figure 5.25: Pairwise knockdown of target list two does not alter MTT reduction
under control conditions or following MPP+ treatment. Cells were transfected with
pairwise combinations of siRNA (50 or 100 nM) (control cells were treated with a non-targeting
siRNA) and cellular viability was estimated by MTT reduction. A Bottom left half of plate
was MPP+ treated (100 µM) 24 h after transfection (top right half of plate was not exposed
to neurotoxin) and MTT reduction was measuerd 48 h later. Average unnormalised control
absorbance was 0.698. Viability is shown using a colour scale with green indicating highest
viability and red representing lowest viability; the colour scale is consistent across Figures 5.24,
5.25 and 5.26. B Overall effect of pairwise KD on cellular vulnerability to MPP+ treatment,
bars represent mean ±SEM (n=12) of all wells with and without KD, data were analysed using a
t-test. C and D MTT absorbance of each pairwise combination in the absence (C) and presence
(D) of MPP+. Bars represent means ±SEM (n=12), data were analysed using a 1-way ANOVA
with a Dunnett test for multiple comparisons.
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Figure 5.26: Pairwise knockdown of target list two does not alter live cell protease
activity under control conditions or following MPP+ treatment. Cells were transfected
with pairwise combinations of siRNA (50 or 100 nM) (control cells were treated with a non-
targeting siRNA) and cellular viability was estimated by live-cell protease activity. A Bottom
left half of plate was MPP+ treated (100 µM) 24 h after transfection (top right half of plate was
not exposed to neurotoxin) and live-cell protease activity was measured 48 h later. Average un-
normalised control fluorescence was 555 RFU. Viability is shown using a colour scale with green
indicating highest viability and red representing lowest viability; the colour scale is consistent
across Figures 5.24, 5.25 and 5.26. B Overall effect of pairwise KD on cellular vulnerability to
MPP+ treatment, bars represent mean ±SEM (n=12) of all wells with and without KD, data
were analysed using a t-test. C and D Viability of each pairwise combination in the absence
(C) and presence (D) of MPP+. Bars represent means ±SEM (n=12), data were analysed using
a 1-way ANOVA with a Dunnett test for multiple comparisons.
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5.3 Discussion

The goal of this chapter was to validate two lists of protein targets (target list one and two

Table 5.1) identified by network analysis through modulation in an MPP+ in vitro system.

Target list one Target list two

GBRL2 GBRL2
P62 14-3-3ζ

GBRL1 P53
GABARAP LC3B

P62
α-synuclein

Nemo
mTOR
GBRL1

Calmodulin
PPP2R2B

Table 5.1: Twelve protein targets (across two lists) were predicted to modulate MPP+

toxicity. Target list one was generated through subgraph analysis Subsection 4.2.11 and
target list two was generated through selective BC analysis Subsection 4.2.14.

5.3.1 Modulation target list one

Initial success was achieved with modulation of target list one, identified through the subgraph

network analysis (Subsection 4.2.11). P62 is a molecular adaptor, binding to ubiquitin leading

to the aggregation of ubiquitinated proteins [506] and also facilitating their degradation by its

interaction with the autophagosome [352]. GABARAP, GBRL1 and GBRL2 are members of the

GABARAP subfamily and (along with the LC3 subfamily) are orthologs of the yeast protein

ATG8 [370]. The LC3 and GABARAP proteins play a crucial role in autophagosome membrane

maturation and also interact with P62 facilitating the selective breakdown of ubiquitinated

proteins and organelles [155].

Both transcript and protein levels of all of targets were unaffected by MPP+ treatment. Al-

though endogenous protein levels of GBRL1 and GBRL2 were low, siRNA mediated KD of P62

and GABARAP was achieved. Despite fairly high levels of GBRL2 transcript, significant pro-

tein was not detected by WB (although the antibody detected exogenous GBRL2). However,

poor correlation between transcript and protein level may be due to low levels of translation

or rapid degradation of the protein and low correlation coefficients have been reported in wide

scale studies of bacteria and eukaryotes [517].

Neither of the single KD (modelling node deletions) affected cellular viability or vulnerability
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to MPP+. However, a combined KD of GABARAP and P62 potentiated MPP+ toxicity as

measured by cell counts and neutral red uptake (a marker of cellular ATP). The requirement for

multiple interventions supported the theoretical prediction that networks are robust to single

interventions and, that to be effective, interventions must be both multiple and targeted [264,

385]. Further, the deleterious effect of KD was only observed in combination with MPP+

treatment. Biological systems may be robust to deletions under optimal conditions, but not

when exposed to additional challenges such as toxins, as has previously been reported in yeast

[392]. No change in TMRM fluorescence was observed, suggesting that the effect of the KD lies

downstream of mitochondrial insult which is in accordance with the proteins’ roles in autophagy.

The goal of this thesis was to effect a rescue of MPP+ toxicity and OE target list one was

next optimised. Again, the single modulations did not affect cellular viability or vulnerabil-

ity to MPP+. However, a combined OE led to partial protection from MPP+ cytotoxicity as

measured by neutral red and cell counts. In accordance with the KD results, there was no

difference in TMRM fluorescence after MPP+ treatment in control and combined OE cells,

supporting the idea that rescue occurred downstream of mitochondrial insult. This is consis-

tent with the MPP+ rescue achieved by others following α-synuclein KD [79]. Further, Poltl

et al. demonstrated that caspase inhibitors, and anti-oxidants were capable of rescuing MPP+

toxicity downstream of initial mitochondrial insult and ATP depletion. The authors suggested

that, ‘inhibition of complex I by MPP+ is compatible with cell survival in certain situations’

[362]. Live-cell fluorescence microscopy indicated that only 20-30% cells were successfully ex-

pressing the GABARAP subfamily-EGFP fusion proteins 48 h after transfection. If a higher

transfection efficiency was achieved, a greater protective effect would be expected following the

overexpression.

The minimal effective OE set of target list one was demonstrated to be made up of P62

and two or more members of the GABARAP subfamily. The redundancy in the GABARAP

subfamily was previously demonstrated by Maruyama et al. and Weidberg et al., who required

a siRNA KD pool to observe a phenotype [353, 519]. The redundancy of proteins is a key tenet

of network pharmacology [269] and ensures that biological systems are robust to changes in

environmental conditions and gene mutations. There remains the possibility that the need for

multiple members of the GABARAP subfamily is a dosage effect. However, it was demonstrated

that the number of cells transfected by members of the GABARAP family was the same during

individual and combined transfections.

P62 and the GABARAP subfamily have distinct biological roles in the autophagic degradation

of proteins. Therefore, it is logical that they are not able to substitute for each other in the
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minimal OE set. The proteins’ divergent roles are supported by the distinct network topology

of P62 and the GABARAP subfamily.

5.3.2 An autophagic mechanism of protection

Given that all members of the OE set had a documented role in autophagy, it was hypothesised

that protection occurred via an autophagic mechanism. Others have reported amelioration of

MPP+ toxicity by increasing autophagic flux using sub-lethal hypoxic preconditioning [361],

rapamycin [159] and molecules derived from traditional medicines [347, 358, 360]. Earlier in this

thesis it was demonstrated that MPP+ treatment led to decreased autophagic flux (Subsection

3.2.3) and it was predicted that increasing autophagy would be neuroprotective.

Levels of LC3B lipidation were not altered following the combined OE either in the absence or

presence of MPP+. However, LC3B lipidation cannot distinguish between rates of autophago-

some formation and protein breakdown [350]. Further, the GABARAP subfamily proteins may

be able to substitute for LC3s in the autophagosomal membrane making LC3B lipidation a poor

marker of autophagosome levels.

Therefore, a radio-label pulse-chase assay was used to measure absolute autophagic flux. MPP+

was confirmed to decrease autophagic flux within 12 h of treatment. However, neither the

combined OE of target list one nor the control plasmid altered overall autophagic flux in

either the absence or presence of MPP+.

Given that there was no change in overall protein degradation, it was hypothesised that the

combined OE led to the autophagic sequestration of damaged proteins or organelles and thereby

offered short-term cellular protection. LB contain large amounts of ubiquitin and it has been

proposed that α-synuclein oligomers may be aggregated to protect cells from their toxicity [520].

The work of Tanik et al. suggests that although such aggregates colocalise with autophagic

proteins, they cannot be effectively degraded [172].

ICC was used to identify LAMP1 and LC3B positive puncta in untransfected cells corresponding

to lysosomes and autophagosomes respectively. In contrast to published studies [59], LAMP1

and LC3B colocalisation was not detected under either control or MPP+ treated conditions.

Given that autophagic protein degradation had been confirmed using the pulse-chase analysis it

is suggested that the lack of apparent colocalisation is due to the very small puncta size or rapid

degradation of autophagosomal markers upon fusion. MPP+ treatment (36 h, 100 µM) led to

retraction of cellular processes and shrinkage of cell bodies, resulting in puncta that were very

close together in MPP+ treated cells and thus their size and number could not be ascertained.
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Following the combined OE of target list one, puncta were detected which displayed both GFP

fluorescence and P62 immunoreactivity. The appropriate antibodies were used to confirm that

the GFP fluorescence was due to the GABARAP subfamily fusion proteins. The GFP puncta,

therefore, contained all members of the protein OE set. The GFP positive puncta were con-

siderably larger than endogenous puncta; however, macroautophagy has been shown to degrade

large cellular aggregates up to 2 µm in size [352]. Colocalisation with LC3B confirmed that the

puncta represented functional autophagosomes and not merely protein aggregates. There was

no colocalisation between the exogenous autophagosomes and the mitochondrial marker Tom20

suggesting that the target list one OE did not increasing mitochondrial turnover. This was

consistent with the failure of target list one OE to rescue mitochondrial membrane potential

following MPP+ exposure. Further, there was no colocalisation between the autophagosomes

and LAMP1 consistent with failed fusion of lysosomes and exogenous autophagosomes which

would explain the lack of increased protein turnover. However, LAMP1 and LC3B colocalisation

was also not detected under control conditions where protein degradation occured unimpeded.

Earlier results (Subsection 3.2.3) suggested that MPP+ treatment resulted in lysosomal deacid-

ification downstream of ATP depletion. The loss of lysosomal pH may have been responsible

for the lack of autophagosome/lysosome fusion and would explain decreased autophagic flux

following MPP+ treatment and the lack of colocalisation in LC3B and LAMP1 staining. Dehay

et al. have previously reported lysosomal defects in both MPP+ in vitro models and PD brain

samples [159] and others have suggested that lysosomal dysfunction lies at the centre of PD

pathology [142, 159, 160].

In conclusion, it is suggested that the combined OE leads to increased formation of prominent

autophagosomes and sequestration of damaged proteins. Although the autophagosomes cannot

be efficiently degraded, sequestration offers short-term protection from MPP+ neurotoxicity. An

alternative possibility, is that target list one may decrease cell death through interaction with

the apoptotic pathway and GABARAP is known to interact with both the apoptotic protein

NIX and the anti-apoptotic protein BCL2 [488, 521].

5.3.3 Modulation of target list two

Following the above success, target list two was explored. Again, it was predicted that the

targets proteins would be involved in the cross-talk between mitochondrial dysfunction and

autophagy in an MPP+ model of PD. Target list two was made up of 11 proteins including

three proteins from target list one (P62, GBRL1 and GBRL2) in addition to eight new proteins
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(14-3-3ζ, PPP2R2B, calmodulin, LC3B, mTOR, Nemo, P53 and α-syn). As outlined in the

introduction to this chapter, all of the target proteins have been in some way implicated in PD

(Section 5.1). This work focussed on siRNA mediated KD because node deletion best tested the

BC analyses and KD are more straightforward to achieve in a consistent manner than OE due

to availability of prevalidated siRNAs. Endogenous levels of GBRL1 and GBRL2 had already

been demonstrated to be very low (Subsection 5.2.1), so this thesis focussed on the remaining

nine proteins.

There was no change to mRNA levels of any of the members of target list two in response to

MPP+ and all targets were detected at protein level. However, in contrast to previous results

from within the laboratory [79, 116], levels of α-synuclein were very low and the protein was

only detected using a positive control. Other laboratory members have recently had similar

difficulties in the identification of this protein in the M17 cell line and it appears that expression

levels are low and inconsistent, highlighting a possible concern regarding the use of M17 cells to

model PD.

Following MPP+ treatment there was no change to the expression levels of 14-3-3ζ, LC3B,

mTOR, PPP2R2B, α-synuclein or calmodulin. It should be noted that this refers to the total

level of LC3B, increased lipidation was observed as previously stated. Some previous studies

have demonstrated increased α-synuclein expression following MPP+ treatment [215, 463], the

failure to recapitulate published results may be due to differences between cell lines. Although

P62, P53 and Nemo levels were decreased after 48 h MPP+ treatment, MPP+ had no significant

effect at earlier time points for any of the proteins. It is possible that, although overall P53

levels are constant, the levels of activated protein increases upon MPP+ treatment [497]. P53

and P62 showed a time dependent accumulation in both control and MPP+ cells consistent with

increased apoptosis/autophagy as culture media is depleted of nutrients.

Next, siRNA mediated KD of each member of target list two was optimised such that KD

of between 69 and 53% was achieved for each protein. The KD of calmodulin required a pool

of three siRNAs because the protein has three corresponding genes and there was no region of

consistent sequence across the three transcripts. Optimisation of KD facilitated an investigation

into the effects of protein KD on autophagy, cellular viability and vulnerability to MPP+.

Assays suitable for medium-throughput screening in 24- and 96-well plates were selected so that

all pairwise combinations could be considered and biological repeats maximised.

P62 KD decreased basal autophagy, but did not affect the process following MPP+ treatment.

P62 plays a crucial role in targeting proteins and organelles for degradation so decreased levels
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would be expected to decrease protein turnover [180], some evidence also suggests that P62

regulates autophagy [151]. Following MPP+ treatment, autophagic flux was not affected by

P62 KD, suggesting that autophagy was limited by the number of functional lysosomes (rather

than autophagosomes). This hypothesis is consistent with the earlier observation of lysosome

deacidification following MPP+ treatment (Subsection 3.2.3) and the extensive study of Dehay

et al. [159]. Interestingly, despite its use as an autophagic marker, KD of LC3B did not affect the

rate of autophagic flux. However, there is considerable redundancy within the human orthologs

of ATG8 and others have previously shown that KD of a single member (including LC3B) does

not affect the overall autophagic process [353, 519]. mTOR KD decreased basal autophagy, this

was somewhat unexpected as inhibition (via rapamycin) leads to an upregulation of autophagy

in this model (Subsection 3.2.3). Although other studies have reported mTOR independent

routes of autophagy and no effect upon mTOR KD [522], there are no published reports of

decreased autophagic flux following mTOR KD. It remains possible that decreased levels of the

protein may alter the ratio of the mTORC1 and mTORC2 complexes.

Single KD of members of target list two did not alter cellular viability or MPP+ vulnerability.

This is in contrast to the protective effect previously reported following α-synuclein KD [79, 114,

115], the divergent results may be due to the very low and inconsistent levels of α-synuclein in

the M17 cell line. It was also surprising to see no protective effect following P53 KD as KO mice

are protected from MPTP toxicity [480]. However, it is suggested that this is due to remaining

P53 following an incomplete KD as residual P53 could still initiate apoptosis. Similarly, Garcia-

Garcia et al. reported that the use of a dominant-negative form of ATG5 and siRNA mediated

KD had opposing effects on MPP+ vulnerability and suggested that this was due to low levels

of ATG5 remaining after KD [188].

Due to the requirement for three distinct siRNAs calmodulin was not included in the pairwise

experiments. However, all other possible KD pairings of target list two were tested in the

absence and presence of MPP+ via three assays (MTT, neutral read and protease activity).

Following multiple testing corrections no significant differences were found following any of the

pairwise KD in any of the assays or when considering MPP+ vulnerability in the KD group

as a whole. It is possible that the KD had effects too small to be detected without additional

repeats. However, it is suggested that the failure to identify significant alterations to cellular

viability or MPP+ vulnerability following pairwise KD of members of target list two stems

from the use of the 96-well format. Although siRNA screening approaches have been previ-

ously used to identify proteins capable of modulating cellular phenotypes or toxin vulnerability

[404, 428] siRNA mediated KD may be less effective under 96-well conditions and it was not
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possible to validate KD by WB due to low amounts of protein. Less effective KD would lead

to increased residual protein (particularly important for signalling molecules or transcription

factors) explaining the divergence from KO models. An alternative, although time consuming

approach is the generation of stable KD/KO cell lines using shRNA constructs [523] or ZFN/-

TALEN technology [524]. Further, media aspiration steps in 96-well plates had an increased risk

of dislodging cells (despite poly-L-lysine coating) which may explain the increased variability in

the 96-well results. These theories could be tested by repeating pairwise target list two KD

experiments in 24-well format as was previously successful for target list one; however, this

would incur significant additional financial costs. The possibility also remains that the network

analysis used to generate target list two was less effective. However, it was surprising that

previously published results for α-synuclein and P53 could not be replicated.

5.3.4 Summary

Protein levels of network targets were successfully modulated in the in vitro MPP+ model and

cellular viability, autophagy and MPP+ vulnerability measured across a number of assays. Four

proteins identified through network analysis (target list one) were shown to modulate MPP+

toxicity in vitro. A combined KD potentiated MPP+ neurotoxity and a combined OE resulted

in a partial rescue. No effect was seen following single modulations highlighting the need for

multiple interventions, a key tenet of network pharmacology [269]. The protective effect observed

following combined OE of target list one is proposed to occur via an autophagic mechanism

with damaged proteins sequestered in prominent autophagosomes similar to the mechanism

thought to lead to the formation of LB in the brains of PD patients.

Modulation of individual members or pairwise combinations of target list two did not alter

MPP+ vulnerability. The failure to validate in silico predictions may be due to the different

network analyses employed. The selective BC approach has not been used for the identification of

biologically important nodes and may be inappropriate. However, selective BC analysis identified

two proteins whose deletion has previously been demonstrated to ameliorate MPP+ toxicity (α-

synuclein and P53). An alternative explanation is that the difference between these two sets of

experimental results is the transition to 96-well plates for analysis of KD combinations. Despite

these limitations, for the first time PPIN have been used to successfully predict targets that

modulate cell death in an in vitro MPP+ model.
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Chapter 6

Discussion

This thesis is the first example of the use of a PPIN to identify targets capable of modulating

an experimental model of PD. Further, there are few examples of PPIN being successfully

experimentally validated in other disease contexts [265]. Through network analyses four proteins

(GABARAP, GBRL1, GBRL2 and P62) were identified (Subsection 4.2.11) whose combined OE

resulted in a rescue of MPP+ toxicity in an in vitro model (Figure 5.8). However, no single OE

elicited a protective response demonstrating the need for multiple interventions, a key tenet

of network pharmacology [264, 269] and a result of the robust nature of biological systems

[269, 371]. Rescue occurred via an autophagic mechanism with prominent autophagosomes

formed (Subsection 5.2.4), these could potentially sequester damaged proteins in a manner

reminiscent of LB in the brains of PD patients [172].

6.1 The role of autophagy in PD models

Autophagy is the process of cellular self-degradation and is essential in long-lived cells [157, 158].

Alterations in autophagy have been demonstrated in numerous PD models [7, 145], including

MPP+ [152, 159, 186, 357]. However, there are divergent opinions as to whether autophagic flux

is increased or decreased. Through the development of a radio-label pulse-chase assay (Chapter

3), it was conclusively demonstrated that MPP+ treatment resulted in decreased autophagic

flux in M17 cells at time points preceding cell death (Figure 3.17). Although autophagosome

accumulation was observed (as detected by increased LC3B lipidation (Figure 3.14) following

MPP+ treatment, accumulation was as a result of defective degradation and not increased

autophagosome formation. Dehay et al. reported decreased lysosomal levels following MPP+

treatment [159], but these findings were not replicated in this thesis (Figure 3.5). Instead it
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is suggested that blocked autophagic flux in the MPP+ model occurs as a result of lysosome

deacidification (demonstrated by decreased neutral red accumulation - Figure 3.4) downstream

of cellular ATP depletion (Figure 3.6). Further, although P62 KD decreased basal autophagy

(Figure 5.22) the KD had no affect following MPP+ treatment (Figure 5.23) suggesting that

functional lysosomal levels were the limiting factor on autophagy following MPP+ treatment.

Although MPP+ is just one model of PD, this thesis support the theory that lysosomal dys-

function lies at the centre of PD pathogenesis [142, 159, 160]. Beyond the targets identified in

this thesis, there is considerable value in investigating small molecules capable of increasing au-

tophagic flux as potential PD therapeutics. One such possibility is the TFEB activator trehalose

which results in increased lysosome biogenesis and autophagic clearance [159].

6.2 Optimisation of cellular viability assays

Beyond the development of the pulse-chase assay, several assays were developed to sensitively

measure cell viability following MPP+ treatment. Neutral red had been shown to accurately

measure cellular viability [286, 345], but had not been widely deployed in the context of MPP+

induced cell death. In this thesis the neutral red protocol was optimised for use in M17 cells

following MPP+ treatment (Figure 3.4) and control experiments were conducted to demonstrate

that the dye is lysosomally accumulated in a manner dependent on lysosome pH (Figures 3.6

and 3.7). Mitochondrial membrane depolarisation is a key marker of MPP+ induced cell death

[209, 327]. Although rhodamine based dyes have been used in conjunction with microscopy and

flow cytometry to measure depolarisation [348], this thesis was the first example of TMRM being

used in a plate reader based format in conjunction with MPP+ toxicity (Figure 3.8).

Most in vitro MPP+ protocols utilise a continuous MPP+ exposure. In this thesis, it was

demonstrated that as little as 2 h MPP+ treatment was sufficient to induce a cascade of cellular

processes resulting in loss of cellular viability some hours after the neurotoxin removal (Figure

3.10). Such protocols offer a less severe MPP+ treatment regime that could be used to identify

therapeutic interventions.

Finally, there has been some debate over the mechanism of MPP+ induced cell death, with

reports of apoptosis, necrosis and caspase independent cell death [190, 330, 525]. In this the-

sis, annexin-V/7-AAD staining in conjunction with flow cytometry (Figure 3.11) and cleaved

caspase-3 staining in conjunction with flow cytometry and ICC (Figures 3.12 and 3.13) demon-

strated that MPP+ induced apoptotic cell death.
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6.3 The use of immortalised cell lines to model PD

In Chapters 3 and 4 the DA human cell line BE(2)-M17 was used as an in vitro model of PD.

This cell line has the key advantages of being human-derived and producing DA (Figure 3.22).

Despite initial hypotheses, DA depletion did not alter MPP+ sensitivity in the M17 cell line

(Figure 3.23) and therefore the importance of a DA cell line may lie in the relative levels of

VMAT and DAT expressed, known to be a determinant of PD vulnerability [231, 325]. A key

disadvantage of the M17 line was the low and inconsistent levels of the protein α-synuclein

(Figure 5.17).

It would be essential to replicate the findings of this thesis in other cell lines, initially the human

SH-SY5Y cell line could be used in both its mitotic and differentiated states, although this cell

line does not produce DA. Further, during the course of this thesis, protocols for the generation of

DA neurones from iPSC have been significantly improved [51]. It would therefore, now be more

feasible to repeat KD and OE in neurones derived from PD patients, although such protocols

remain time consuming and expensive. Excitingly, it was recently demonstrated that systemic

in vivo treatment with brain-targeting exosomes allowed the delivery of α-synuclein siRNA to

the brain and efficient protein KD [526]; such an approach could be utilised to extend the KD

results of this thesis to in vivo models.

6.4 Construction of PPIN

In Chapter 4 several PPIN were constructed to model MPP+ toxicity. iRefIndex was used as

a consolidated PPI database due to the large quantity of data, mapping of protein isoforms to

single canonical identifiers and the minimisation of spoke expansion of complexes [288, 426].

The last two factors have both been shown to introduce error into PPI databases and resultant

PPIN [405, 420].

Sampling relies on the principle of ‘guilt by association’ whereby proteins are more likely to

interact with other proteins involved in similar cellular processes [95, 376] and has previously

been used to generate disease relevant networks [309, 310, 314, 527]. Although microarray

analysis to identify differentially expressed genes was unsuccessful (Subsection 3.2.5), a seedlist

of MPP+ related proteins (Tables 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7) was constructed to facilitate

sampling. During the course of this project proteomic approaches have become increasingly

accessible, such that changes in protein levels following a stimuli can be measured in a high-

throughput and hypothesis free manner [402, 528]. Won Choi et al. recently reported the use of
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proteomic analysis to identify 39 proteins differentially expressed in SH-SY5Y following MPP+

treatment [529]. Such techniques could be used to generate cell line specific seeds and would offer

significant advantages over using differentially expressed genes as gene and protein expression

levels have been shown to be poorly correlated [517].

The resulting networks were validated through the identification of high BC nodes (Subsec-

tion 4.2.5) and the detection of communities corresponding to biological processes implicated in

PD/MPP+ pathology (Subsection 4.2.6). The shortest-path and 1-hop network exhibited con-

siderable overlap in terms of the systems-level processes identified through community detection

and the nodes with highest BC. Further, many of the same potential therapeutic targets were

identified following analysis of the two networks.

It is acknowledged that, beyond the quality of the PPI data, such networks are limited as only

physical interactions between protein species are included and they represent a single timepoint

in a dynamic system [265]. However, it is suggested that such simplifications allow the emergent

properties of biological systems to be explored without over-complications that would limit the

utility of network models.

6.5 Identification of targets through the analysis of PPIN

Numerous methods have been reported for identifying potentially important nodes from PPIN

[426, 441, 443], but there has been little experimental validation of in silico predictions. As well

as using previously published metrics (bridging centrality - Subsection 4.2.8 and Steiner tree

analysis - Subsection 4.2.10) this thesis developed two analyses based on BC (Subsections 4.2.11

and 4.2.14). Network analysis yielded a considerable number of biological plausible results and

one target list was successfully validated through in vitro experiments (Subsection 5.2.3). The

techniques for PPIN network analysis developed in this thesis could be applied to other disease

models or networks.

When the results of this thesis were compared to Konn’s 2012 α-synuclein PPIN [302], several

common results were identified. Konn highlights GABARAP as an α-synuclein interactor and

potential therapeutic target, this thesis experimentally validates the role of GABARAP in PD

in vitro models. Further, three more of the targets experimentally tested in this thesis (P62,

14-3-3ζ and calmodulin) were identified by Konn as α-synuclein interactors indicating that the

results of this thesis could be replicated in a PPIN based on an alternative (α-synuclein OE) PD

model. Additionally, α-synuclein, P62 and 14-3-3ζ were identified as topologically significant
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nodes in Rakshit et al.’s study of a network of proteins corresponding to genes differentially

expressed in PD [446]. However, Rakshit et al. did not select these proteins as high priority

biomarkers.

Such PPIN analysis complements techniques such as GWAS and microarray studies which have

also been used to identify PD genes. There was no overlap between significant risk loci identified

through GWAS [31] and targets identified in this thesis. Whereas GWAS identify causal variants,

the PPIN analysis aimed to identify potential therapeutic targets, whether or not they were

altered in PD. This is in line with most currently approved drugs which do not target proteins

whose mutation causes the disease [273]. However, there was some overlap between the PPIN

targets investigated in this thesis and genes shown to be differentially expressed in the brains of

PD patients. Simunovic et al. reported significantly altered expression of α-synuclein, GBRL1

and GBRL2 [340] and Elstner et al. demonstrated that the mTOR pathway as a whole was

differentially expressed [308]. Although this overlap is interesting it should be noted that mRNA

and protein levels show poor correlation [517] and that a protein’s levels do not need to be altered

to make it a therapeutic target.

This thesis was limited by the underlying PPI data as many human PPI have yet to be explored

[407] and high-throughput techniques for PPI identification are error prone [422]. Further there

are inconsistencies and inaccuracies in the collation of data in PPI databases [405] which intro-

duce an additional source of error. It would be interesting to repeat analyses using metrics to

measure the confidence of PPI and in an extension of this thesis analyses could be extended to

weighted networks, where edge weight represents confidence that an interaction genuinely occur

[423]. One limitation of the PPIN analysis presented in this thesis is that targets recovered are

predominantly proteins that have previously been extensively investigated in the context of PD.

The identification of heavily investigated proteins is likely to be a result of the incomplete nature

of human PPI data - proteins which have not been investigated have few reported interactions.

However, despite the limitations of PPI data, successful predictions were made based on network

analysis. Therefore, it is suggested that the utility of network analysis will only increase as the

quality of the underlying data is improved.

6.6 Alternative network models

Many proteins involved in core functions are conserved between species [530] and disease related

cellular processes are also widely conserved [531] allowing simple organisms, such as S.cerevisiae

and Schizosaccharomyces pombe, to be used to model more complex systems. Further, yeasts are
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genetically tractable and amenable to high-throughput assays with large libraries of yeast KO

strains [389]. Lindquist and colleagues had previously demonstrated the utility of α-synuclein

OE in S.cerevisiae [89–94] (Subsection 1.3.3). During the preparation of this thesis, an elegant

study using S.pombe to model spinal muscular atrophy (SMA) was published [532]. The authors

expressed WT and mutant forms of UBA1 (ubiquitin-like modifier activating enzyme 1) (mutated

in SMA) and identified S.Pombe KO strains which had selectively altered (compared to control)

growth rates in the presence of both the mutant and WT UBA1. Of the 173 genetic modifiers

identified, 145 had orthologous human genes. These genes were converted to proteins and two

PPIN formed, one containing only the genetic modifiers connected by human PPI data and

the other formed from 1-hop sampling using S.pombe PPI data. Clusters within two networks

were identified, E3 ubiquitin ligases were identified as potential targets and validated (using

a pharmacological inhibitor) in a Danio rerio model of spinal muscular atrophy [532]. Such

an approach could be utilised for the MPP+ PD model. Either, a PPIN could be constructed

using the seedlist generated in this thesis, but a yeast PPI database (having converted seeds

to yeast orthologs). Alternatively, yeast strains could be screened in a hypothesis free manner

for modifiers capable of altering cell growth following treatment with inhibitors of the yeast

equivalent of complex I.

6.7 Validation of network targets

The four protein targets in target list one (GABARAP, GBRL1, GBRL2 and P62), identified

in Subsection 4.2.11 were both KD (Figure 5.4) and OE (Figure 5.6) in the in vitro system.

Combined KD potentiated MPP+ toxicity (Figure 5.7) and combined OE resulted in a rescue

(Figure 5.8). Single interventions were ineffective, confirming the need for multiple interven-

tions. Further, there was redundancy in the minimal OE set (Figure 5.9) illustrating the robust

nature of biological systems. OE of target list one resulted in the formation of prominent

autophagosomes (Figure 5.13) which were suggested to be protective following MPP+ mediated

lysosome deacidification and consequent decreased autophagic flux.

The members of target list two, identified in Subsection 4.2.14 were successfully KD in the

M17 model (Figure 5.21). However, neither single (Figure 5.23) nor multiple deletions (Figure

5.24, 5.25 and 5.26) modulated MPP+ induced cytotoxicity using any of the cell viability assays

tested. The reasons for the failure to validate in silico predictions were not entirely clear, but

it is suggested that the switch to a 96-well based format may have been a key factor.

Although not investigated in this thesis, miRNA regulation of mRNA is a key determinant
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of protein expression [533]. It would be interesting to investigate whether miRNA regulate

expression of target list one and whether modulation of miRNA [534] could be utilised to

increase protein levels.

6.8 Potential further work

Were the network targets successfully validated in other in vitro and in vivo models of PD,

phenotypic screens for small drug like models capable of increasing protein levels could be

instigated. Within the pharmaceutical industry, there has been a trend away from target based

screens and back towards phenotypic screening [535], a method which has been suggested to have

higher success rates than target based screening [536]. Phenotypic screens can identify successful

pharmaceuticals that have multiple targets or whose effects are only apparent in the context

of an entire cell and have been used in disease areas including HIV [537], Malaria [538] and

cancer [539]. Beyond the proteins highlighted in this thesis, such phenotypic screens could also

be used to identify small drug-like molecules capable of rescuing MPP+ toxicity in a hypothesis

free manner.

The techniques for network analysis developed here could be applied more widely, to other

disease areas. There is a huge unmet need for antibiotics [540] and a considerable amount

of PPI data is available for a number of bacterial species [279, 541]. The identification of

combinations of critical nodes within bacterial PPIN would facilitate the development of multi-

target antibiotics. Multi-target antibiotics have already gained traction an approach to tackle

the problems of antibiotic resistance [542] and it is suggested that analyses of PPIN will make

a valuable contribution to this field.

This thesis highlighted the value of PPIN in the development of therapeutics for human diseases.

Although such applications are in their infancy, it is suggested that network analysis (and in

particular PPIN) will become an increasingly valuable tool for biomedical research.
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Appendix A

R code for analysis

A.0.1 Code for removing non-human interactions

> i r e f i n d e x curr human = get i r e f i n d e x ( ”9606” , ” cur rent ” , getwd ( ) )
> human human l i s t = data . frame ( i r e f i n d e x curr human$taxa , i r e f i n d e x curr human$

taxb )
> tmp = do . ca l l ( ’ paste ’ , c (unname(human human l i s t ) , l i s t ( sep=” . ” ) ) )
> i r e f i n d e x curr human = i r e f i n d e x curr human [ tmp == ” tax id : 9606 (Homo sap i en s ) .

tax id : 9606 (Homo sap i en s ) ” | tmp == ”−. tax id : 9606 (Homo sap i en s ) ” , ]
> id conver s i on table human = create id conver s i on table ( i r e f i n d e x curr human , ”

data ” , ” id conver s i on t ab l e 9606 a” )

A.0.2 Code for sampling

1-Hop sampling

> hopSample = function ( s e e d l i s t , graph ) {
> temp = 0
> nodes = 0
> unique nodes = 0
> for ( i in 1 : length ( s e e d l i s t ) ) {
> temp =c (which(V( graph )$name==s e e d l i s t [ i ] ) , ne ighbors ( graph , s e e d l i s t [ i ] ) )
> nodes=c ( temp , nodes )
> }
> unique nodes=unique ( nodes )
> g = induced . subgraph ( graph , unique nodes )
> return ( g
> }

Shortest-path sampling

> pathSample = function ( s e e d l i s t , graph ) {
> temp = 0
> nodes = 0
> unique nodes = 0
> for ( i in 1 : length ( s e e d l i s t ) ) {
> temp = get . a l l . s h o r t e s t . paths ( graph , from=s e e d l i s t [ i ] , to=s e e d l i s t [ 1 : length (

s e e d l i s t ) ] , mode=” a l l ” )
> unique nodes = unique ( unlist ( temp ) )
> nodes = c (unique nodes , nodes )
> nodes = unique ( nodes )
> }
> g = induced . subgraph ( graph , nodes )
> return ( g )
> }
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A.0.3 Code for community identification

> sgc=s p i n g l a s s . community ( a l l 1hop )
> V( a l l 1hop )$membership <− sgc$membership
> s0=V( a l l 1hop ) [ membership == 0 ]
> s1=V( a l l 1hop ) [ membership == 1 ]
> s2=V( a l l 1hop ) [ membership == 2 ]
> s3=V( a l l 1hop ) [ membership == 3 ]
> s4=V( a l l 1hop ) [ membership == 4 ]
> s5=V( a l l 1hop ) [ membership == 5 ]
> s6=V( a l l 1hop ) [ membership == 6 ]
> s7=V( a l l 1hop ) [ membership == 7 ]
> s8=V( a l l 1hop ) [ membership == 8 ]
> s9=V( a l l 1hop ) [ membership == 9 ]
> s10=V( a l l 1hop ) [ membership == 10 ]
> s11=V( a l l 1hop ) [ membership == 11 ]
> V( a l l 1hop )$ c o l o r=V( a l l 1hop )$membershi
> names=V( a l l 1hop )$name
> community=V( a l l 1hop )$membership
> df=data . frame (names , community )
> getGeneIds<−function ( x ) {
> temp<−id conver s i on table human [ id conver s i on table human [ , 1 ] == ” entrezgene/

l o c u s l i n k ” & id conver s i on table human [ , 4 ] == x [ 1 ] , 2 ]
> unique ( temp )
> }
> t e s t = apply (df , 1 , getGeneIds )
> findOddOnesOut<−function ( x ) {
> length ( x )
> }
> new = lapply ( t e s t , findOddOnesOut )
> name=V( a l l 1hop )$name
> community=V( a l l 1hop )$community
> a l l communities=(name , community )
> community1=a l l communities [which ( a l l communities$community==1) , ]
> t e s t = apply ( community0 , 1 , getGeneIds )
> getGeneIds<−function ( x ) {
> temp<−id conver s i on table human [ id conver s i on table human [ , 1 ] == ” entrezgene/

l o c u s l i n k ” & id conver s i on table human [ , 4 ] == x [ 1 ] , 2 ]
> unique ( temp )
> }
> t e s t 1= apply ( community1 , 1 , getGeneIds )
> community0=as . matrix ( t e s t )
#Add names
> V( binary hop )$ID=sapply ( (V( binary hop )$name) , getGeneIds )
> b=cut ( a l l degree , breaks=bins )
> df=data . frame (V( graph binary )$name , a l l degree , b )
> df [ sample (nrow(df ) , 5) , ]
> bin1 = subset (df , a l l degree < 1 .5 & al l degree > 1 . 0 , s e l e c t=Name)

A.0.4 Code for bridging centrality

> Br idg ingCent ra l i t y = function ( node , graph , hops=1){
> neighborhood = unlist ( neighborhood ( graph , hops , node ) )
> invdeg=1/ ( degree ( graph , node ) )
# Degree r e t u r n s a ’ s t r u c t u r e d ’ numeric array − i t has a name a s s o c i a t e d wi th i t .
> between=betweenness ( graph , node )
> attributes ( between ) = NULL
> i n v e r s e d e g r e e = 0
> br idge=0
#S t a r t from 2 because f i r s t e lement in neighborhood o f a node i s degree o f

o r i g i n a l node
> i f ( length ( neighborhood ) > 1) {
> for ( i in 2 : length ( neighborhood ) ) {
> x = 1/ ( degree ( graph , neighborhood [ i ] ) )
> attributes ( x ) = NULL
> i n v e r s e d e g r e e = i n v e r s e d e g r e e + x
> }
> }
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> br idge=invdeg/ i n v e r s e d e g r e e
> br idgecen=br idge∗between
> br idgecen=unlist ( br idgecen )
> return ( br idgecen )
> }

A.0.5 Code for selective betweenness centrality

#Returns betweenness c o n t r i b u t i o n s from only paths between nodes s en t as t e r m i n a l s
> s e l e c t i v eBe tweenne s s = function ( graph , t e rmina l s ) {
#Creates b lank v e c t o r to s t o r e running sum o f c o n t r i b u t i o n s
> b = vector (mode=’ numeric ’ , length = length (V( graph ) ) )
#Sum over i . . .
> for ( i in 1 : length ( t e rmina l s ) ) {
#Sum over j . . . . −−−−> Sums over ( i , j ) p a i r s − nodes from t e r m i n a l s l i s t .
> for ( j in 1 : length ( t e rmina l s ) ) {
> i f ( i != j ) {
#Find s h o r t e s t pa ths between i and j −
> shor t e s tPaths = get . a l l . s h o r t e s t . paths ( graph , to=i , from=j )
#Number o f paths between i and j − l e n g t h o f g e t . a l l . s h o r t e s t . pa ths ( realGraph , to=

i , from=j ) , f o r no rma l i s a t io n
> g = length ( shor t e s tPaths )
#Number o f paths between i and j wi th k in i t , each k i s one element in the v e c t o r

x ( e v e n t u a l l y b )
> x = lapply ( 1 : length (V( graph ) ) , countPaths , shor t e s tPaths )
> n = unlist ( x )/g
#Add to running sum of c o n t r i b u t i o n s
> b = b+n
> }
> }
> }
> table=data . frame (V( graph )$name)
> table$mito BC = b
> return ( table )
> }
#r e t u r n s l i s t be tweenness f o r each node in network where each p a i r comes from

t e r m i n a l s
#Number o f paths wi th node k ( see above ) i n v o l v e d
> countPaths = function ( node , shor t e s tPaths ) {
> count=0
#[ [ 1 ] ] [ [ 1 ] ] i s the f i r s t member o f the s h o r t e s t path , as we don ’ t want to count

s t a r t s
> start = shor te s tPaths [ [ 1 ] ] [ [ 1 ] ]
#[ [ 1 ] ] [ [ l e n g t h ( s h o r t e s t P a t h s [ [ 1 ] ] ) ] ] i s the l a s t member o f the s h o r t e s t path , as

we don ’ t want to count ends
> end = shor te s tPaths [ [ 1 ] ] [ [ length ( shor t e s tPaths [ [ 1 ] ] ) ] ]
# && −−> AND l o g i c a l opera tor . So i f (X && Y) means i f X=TRUE AND Y=TRUE. | | i s

the or symbol .
# != i s the i n v e r s e opera tor − makes t r u e = f a l s e and f a l s e = t r u e .
> for ( i in 1 : length ( shor t e s tPaths ) ) {
> i f ( node \%in\% unlist ( shor t e s tPaths [ i ] ) && node != end && node != start ) {
> count = count+1
> }
> }
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Appendix B

Results of pairwise betweenness
centrality analysis

This work was conducted in collaboration with Andrew Elliott. All code was written and executed by Andrew
using the networks I had generated and following a joint discussion of potentially interesting analyses. Initially,
the top BC nodes in the experimental binary graphs generated by 1-hop and shortest path sampling with ubiquitin
removed were calculated (Table B.1). To estimate the combinations that would be predicted to disrupt a maximum

Rank Path node BC Hop node BC

1 14-3-3ζ 0.0445 ABL1 0.1448
2 TRAF6 0.0402 GRB2 0.0510
3 GRB2 0.0396 Fyn 0.0479
4 IKKE 0.0337 Parkin 0.0433
5 SMAD2 0.0267 Src 0.0431
6 ABL1 0.0257 α-synuclein 0.0423
7 Src 0.0233 EGFR 0.0301
8 P53 0.0220 14-3-3ζ 0.0281
9 RB 0.0205 TRAF6 0.0265
10 CTNB1 0.0177 P53 0.0263
11 EGFR 0.0174 Tau 0.0239
12 ANDR 0.0157 SODM 0.0219
13 icrogid:9975260 0.0151 MMP3 0.0213
14 HDAC1 0.0147 VDAC1 0.0197
15 GBRL2 0.0146 GBRL2 0.0190
16 CRCM 0.0138 Caspase-3 0.0183
17 1B42 0.0134 Beclin 0.0178
18 α-synuclein 0.0126 P85A 0.0177
19 Fyn 0.0117 LC3 0.0168
20 icrogid:9983216 0.0117 CTNB1 0.0162

Table B.1: Top individual node BC. Top individual node BCs were calculated in networks
generated using 1-hop or shortest-path methods.

number of shortest paths the groupwise BC of a set of nodes w was defined as:

BC(w) =

w∑
i=1

∑
v∈S

|w|
i

(−1)i+1
∑
a 6=b

γab(v)

γab
(B.1)

Where Sw
i is the set of all subsets of w that are of length i. The pairwise BC of all node pairs in the sampled

1-hop and shortest-path experimental binary networks with ubiquitin removed were calculated. These values were
ranked and the top 15 pairs listed, this ranking was compared to the ranking obtained by summing individual
BC values (Table B.2).
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Rank Path calcu-
lated

Path ex-
pected

Hop calcu-
lated

Hop ex-
pected

1 1,2 1,2 1,2 1,2
2 1,3 1,3 1,3 1,3
3 2,3 2,3 1,6 1,4
4 1,4 1,4 1,5 1,5
5 2,4 2,4 1,4 1,6
6 1,5 3,4 1,7 1,7
7 3,4 1,5 1,9 1,8
8 1,6 1,6 1,8 1,9
9 1,7 1,7 1,11 1,10
10 2,5 2,5 1,10 1,11
11 3,5 1,8 1,12 1,12
12 2,6 3,5 1,13 1,13
13 1,8 2,6 1,14 1,14
14 1,9 3,6 1,15 1,15
15 3,6 1,9 1,16 1,16

Table B.2: Top pairwise BC combinations. Top pairwise combinations of nodes were pre-
dicted in the experimental binary graphs sampled using 1-hop or shortest-path methods. Effect
was measured as the number of network shortest paths effected by deletion. Predicted values
are from summation of individual BC values. Calculated values were generated using Equation
B.1.
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E N H Jansen Steur, and E Braak. Staging of
brain pathology related to sporadic Parkinson’s
disease. Neurobiol. Aging, 24(2):197–211, March
2003.

[9] M Grazia Spillantini, M L Schmidt, V M Y Lee,
J Q Trojanowski, R Jakes, and M Goedert. α-
Synuclein in Lewy bodies. Nature, 388:839–840,
1997.

[10] J M Fearnley and A J Lees. Ageing and Parkin-
son’s disease: substantia nigra regional selectivity.
Brain, 114(5):2283–2301, 1991.

[11] T Gonzalez-Hernandez, D Afonso-Oramas, and
I Cruz-Muros. Phenotype, compartmental or-
ganization and differential vulnerability of nigral
dopaminergic neurons. J. Neural Transm., 73:21–
37, 2009.

[12] H Braak, E Ghebremedhin, U Rüb, H Bratzke,
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C R Oliveira, and S M Cardoso. Oxidative
stress involvement in α-synuclein oligomerization
in Parkinson’s disease cybrids. Antioxid. Redox
Signal., 11(3):439–448, 2009.

[207] D T Dexter, J Sian, S Rose, J G Hindmarsh,
V M Mann, J M Cooper, F R Wells, S E Daniel,
A J Lees, and A H Schapira. Indices of oxidative
stress and mitochondrial function in individuals
with incidental Lewy body disease. Ann. Neurol.,
35(1):38–44, January 1994.

[208] R M Canet-Aviles, M A Wilson, D W Miller,
R Ahmad, C Mclendon, S Bandyopadhyay, M J
Baptista, D Ringe, G A Petsko, and M R Cook-
son. The Parkinson’s disease protein DJ-1 is neu-
roprotective due to cysteine-sulfinic acid-driven
mitochondrial localization. PNAS, 101(24):9103–
9108, 2004.

[209] C P Fall and J P Bennett. Characterization and
time course of MPP+ -induced apoptosis in hu-
man SH-SY5Y neuroblastoma cells. J. Neurosci.
Res., 55(5):620–8, March 1999.

[210] D A Drechsel, L P Liang, and M Patel. 1-Methyl-
4-phenylpyridinium-induced alterations of glu-
tathione status in immortalized rat dopaminergic
neurons. Toxicol. Appl. Pharm., 220(3):341–348,
2007.

[211] A Ghosh, K Chandran, S V Kalivendi, J Joseph,
W E Antholine, C J Hillard, A Kanthasamy,
and B Kalyanaraman. Neuroprotection by a
mitochondria-targeted drug in a Parkinson’s dis-
ease model. Free Radic. Biol. Med., 49(11):1674–
84, December 2010.

214



[212] M Barkats, P Horellou, P Colin, N Faucon-
Biguet, and J Mallet. 1-Methyl-4-
phenylpyridinium neurotoxicity is attenuated
by adenoviral gene transfer of human Cu/Zn
superoxide dismutase. J. Neurosci., 83:233–242,
2006.

[213] C Perier, K Tieu, C Guégan, C Caspersen,
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P Mark, V Stümpflen, H W Mewes, A Ruepp,
and D Frishman. The MIPS mammalian protein-
protein interaction database. Bioinformatics,
21(6):832–4, March 2005.

[419] K R Brown and I Jurisica. Online predicted
human interaction database. Bioinformatics,
21(9):2076–82, May 2005.
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O H Weiergräber, and D Willbold. Interac-
tion of Bcl-2 with the autophagy-related GABAA

receptor-associated protein (GABARAP): bio-
physical characterization and functional implica-
tions. J. Biol. Chem., 288(52):37204–15, Decem-
ber 2013.

[522] C Mammucari, G Milan, V Romanello,
E Masiero, R Rudolf, P Del Piccolo, S J
Burden, R Di Lisi, C Sandri, J Zhao, A L
Goldberg, S Schiaffino, and M Sandri. FoxO3
controls autophagy in skeletal muscle in vivo.
Cell metabolism, 6(6):458–71, December 2007.

[523] C Fellmann and S W Lowe. Stable RNA interfer-
ence rules for silencing. J. Biol. Chem., 16(1):10–
8, January 2014.

[524] T Gaj, C A Gersbach, and C F Barbas. ZFN,
TALEN, and CRISPR/Cas-based methods for
genome engineering. Trends Biotech., 31(7):397–
405, July 2013.

[525] A Nicotra and S H Parvez. Cell death induced
by MPTP, a substrate for monoamine oxidase B.
Toxicology, 153(1-3):157–66, November 2000.

[526] J M Cooper, P B O Wiklander, J Z Nordin, R Al-
Shawi, M J Wood, M Vithlani, A H V Schapira,
J P Simons, S El-Andaloussi, and L Alvarez-
Erviti. Systemic exosomal siRNA delivery re-
duced alpha-synuclein aggregates in brains of
transgenic mice. Movement Disord., 29(12):1476–
85, August 2014.
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