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Abstract 

Discrimination of case-control status based on gene expression differences has potential to identify novel 

pathways relevant to neurodegenerative diseases including Parkinson’s disease (PD). In this paper we applied 

two different novel algorithms to predict dysregulated pathways of gene expression across several different 

regions of the brain in PD and controls. The Fisher’s ratio sampler uses the Fisher’s ratio of the most 

discriminatory genes as prior probability distribution to sample the genetic networks and their likelihood 

(accuracy) was established via Leave-One-Out-Cross Validation (LOOCV). The holdout sampler finds the 

minimum-scale signatures corresponding to different random holdouts, establishing their likelihood using the 

validation dataset in each holdout. Phenotype prediction problems have by genesis a very high underdetermined 

character. We used both approaches to sample different lists of genes that optimally discriminate PD from 

controls and subsequently used gene ontology to identify pathways affected by disease. Both algorithms 

identified common pathways of Insulin signaling, FOXA1 Transcription Factor Network, HIF-1 Signaling, p53 

Signaling and Chromatin Regulation/Acetylation. This analysis provides new therapeutic targets to treat PD. 
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Introduction 

 Parkinson’s disease (PD) is a common,              

age-related neurodegenerative disorder where lifetime 

risk of disease is determined by a mixture of genetic and 

non-genetic factors. Based on these nominated risk 

factors, several biological pathways have been 

suggested to be involved in the etiology of PD,               

including mitochondrial dysfunction and oxidative                              

stress  [1–5]. However, the relationship between 

underlying risk factors and disease progression remains 

unclear. Both microarrays and associated bioinformatics 

analyses have been used previously to attempt                     

to understand the genetic background in                                    

PD [6–8]. However, the robustness of the bioinformatics 

methods that are used to analyze the gene dysregula-

tion in PD remains uncertain, due to the inherently high 

underdetermined character of the phenotype prediction 

problems involved [9,10]. This problem not only affects 

the study of Parkinson's disease molecular mechanisms, 

but it is general, given the dramatic existing imbalance 

between the number of samples and the number of 

possible control variables (deregulated genes). 

 The analysis of biological pathways in different 

phenotypes via the analysis of genetic data is a complex 

problem due to the absence of a mathematically defined 

conceptual model to relate different genes to the 

phenotype. One solution to this problem is to construct a 

classifier, to discriminate genetic signatures between of 

classes in which the phenotype is divided, i.e., cases and 

controls, finding the set of discriminatory genes that 

separate both classes in an optimum way. However, as 

it has been previously outlined, phenotype prediction 

inherently has a high degree of under-determinacy, 

since the number of monitored genes is usually much 

greater than the number of samples used. In practice, it 

is important to rank genes according to their                     

discriminatory power to predict phenotype, and to 

sample highly predictive networks expected to be 

involved in genetic pathways that explain the disease. 

Mathematically, such networks belong to the uncertainty 

space of the corresponding classifier used to discrimi-

nate the phenotype. The mathematical structure of the 

uncertainty space for linear and nonlinear inverse 

problems has been discussed previously [11,12]. For a 

given classifier the smallest-scale signature is the one 

that has the least number of discriminatory genes with 

the highest predictive accuracy. However, due to noise 

in the genetic data and class assignment, some of these 

highly discriminatory signatures might be incorrectly 

assigned [9,10,13] and not directly involved in relevant 

genetic pathways.  Prior research suggested that the 

effect of noise in parameter identification problems (and 

classification problems are) is crucial [14,15] and should 

be integrated in the appraisal of the solutions that are 

found, further implying that the discriminatory power of 

the most important genes related to the phenotype 

should be appraised using sampling methodologies. 

Bayesian networks can be used to discover relations 

between genes via a directed acyclic graph (see for 

instance [16,17]), nevertheless this method is 

computationally expensive and do not take fully into 

account the uncertainty of the corresponding phenotype 

prediction problem [18]). Here, we compare two 

different novel algorithms to identify pathways in 

phenotype prediction problems showing its application to 

PD [18,19]. Mathematically, the Holdout sampler is also 

related to the data kit inversion procedure [20].  

 The structure of the paper is as follows: first we 

present the materials and methods, with special 

emphasis to the sampling methods that are used in this 

paper, and finally we present the main results and their 

discussion. Both sampling algorithms identified common 

defective (or deregulated) pathways in PD compared to 

healthy controls, including Insulin signaling, FOXA1 

Transcription Factor, HIF-1 Signaling, p53 Signaling and 

Chromatin Regulation / Acetylation. We expect that the 

results provided by this analysis serve to find novel 

therapeutic targets and repositioning some existing 

drugs in order to reestablish homeostasis (see for 

instance [21]). 

Materials and Methods 

 The paper is based in a retrospective analysis of 

a gene expression data deposited in the GEO expression 

omnibus using the accession number GSE28894. Flash 

frozen brain samples were provided by the Queen 

Square Brain Bank for Neurological Disorders, UCL 

Institute of Neurology, UCL (London).  The dataset  

contains 59 brain samples from healthy controls and 55 

samples from patients with PD neuropathologically 

diagnosed according to Queen Square Brain Bank 
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criteria. Gene expression was estimated across four 

regions of the brain, namely the cerebellum, medulla, 

striatum and cortex). Total RNA from the medulla (n=15 

control brains, n=14 PD brains), striatum (n=15 control 

brains, n=15 PD brains), frontal cortex (n=15 control 

brains, n=11 PD brains) and cerebellum (n=14 control 

brains, n=15 PD brains) was extracted and hybridized to 

Illumina Human v2.0 expression microarrays.  

The Fisher’s Random Sampler 

 The Fisher’s ratio sampler consists in sampling 

the defective pathways considering the discriminatory 

power of individual genes as measured by the Fisher’s 

ratio. The workflow corresponding to the FR sampler in 

shown in Figure 1 [18]. The algorithm is as follows: 

 Finding the set of genes with the highest 

Fisher’s ratio within the set of genes with the highest 

fold change. For that purpose, we first found the genes 

that are differentially expressed in both tails (over and 

under-expressed) and ranking these genes by their 

Fisher’s ratio, that looks for genes that separate the 

classes further apart and are very homogeneous within 

classes (low intra-class variance). We define the set of 

discriminatory genes as those that are differentially 

expressed and have Fisher’s ratio greater than, fr = 0.8 

since this value implies that the centers of the 

distribution in both classes are separated: .  

 

 

This Fisher’s ratio cutoff value could be further 

decreased till fr = 0.5 if the number of discriminatory 

genes within this set is very low. Therefore, the Fisher’s 

ratio cut-off value is a tuning parameter of this 

procedure.  

 Finding the small-scale genetic signature. The 

most discriminatory genes are ranked them in 

decreasing order based on their discriminatory power 

and the algorithm finds the small-scale signature that 

optimally discriminates between classes by means of 

recursive feature elimination. The predictive accuracy 

estimation is based on Leave-One-Out-Cross-Validation 

(LOOCV) using a nearest neighbor classifier 

[9,13,22,23]. The small-scale signature gives an 

approximate idea of the typical length (number of 

genes) of the high discriminatory networks.  

Random sampling of high discriminatory equivalent 

networks. The random sampler is able to find other 

networks of highly discriminatory genes, using a prior 

sampling probability of any individual gene proportional 

to its Fisher's ratio. Once a network is randomly built 

according to the Fisher’s probability distribution, its 

LOOCV predictive accuracy is established. This sampling 

follows the Bayes rule with a prior probability that 

depends on the Fisher’s ratio of the genes that have 

been selected and using a likelihood probability function 

that depends on the LOOCV predictive accuracy of this 

network.  

 Finally, considering the most discriminatory 

networks that have been sampled, which are those that 

explain the PD phenotype with a predictive accuracy 

higher than a minimum accuracy that it is given 

(typically higher than 85%), we establish the posterior 

sampling frequencies of the main prognostic genes 

involved in these networks. The biological pathways are 

established using Gene Analytics [24] using the set of 

genes with the highest sampling frequencies. The 

frequency cut-off is tuned in order to have enough 

discriminatory genes in the pathway analysis. This 

platform also provides important clues about the 

biological processes and the existence of chemical 

compounds to target the actionable genes. 

The Holdout Random Sampler 

 Phenotype prediction problems can be viewed as 

a generalized regression between the sets of genes that 

characterize a given phenotype and a set of classes 

corresponding to a given set of samples that forms the 

training data set. A simple way of sampling the defective 

genetic pathways in phenotype prediction problems 

consists in performing different random holdout 

simulations and finding the minimum-size signature of 

high discriminatory genes for each holdout. It has been 

numerically shown that the holdout procedure in a 

simple linear regression problem serves to sample its 

region of uncertainty. This fact can be easily translated 

to the phenotype prediction problems.  

 The workflow corresponding to the holdout 

sampler is shown in Figure 2 [19]. The holdout sampler 

determines for each holdout the small-scale genetic 

signature in the training dataset (75% of the total data) 

and its predictive accuracy is established using the 

2 2
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Figure 1. Flowchart for the Fisher’s sampler. 

Figure 2. Flowchart for the holdout sampler. 
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validation dataset (25% of the total dataset). Both 

datasets are randomly generated in each holdout. In this 

case, the posterior analysis is constructed taking into 

account all the small-scale genetic signatures with high 

predictive validation accuracy. As in the previous case, 

the posterior analysis of the minimum size signatures 

found in different bags with a validation predictive 

accuracy higher than a given minimum predictive 

accuracy (85%) serves to establish the defective genetic 

pathways, using ontological ready platforms. The 

application of this methodology to sampling the 

defective genetic pathways in Parkinson disease 

compared to healthy control serves to decipher the 

biological processes that are involved at the level of 

transcriptome. The knowledge that stems from this 

analysis should be crucial important in drug design to 

palliate the effects of PD and reestablishing the 

homeostasis perturbed by the disease. 

Results 

 Regarding the discriminatory power of the genes 

of the PD vs of the PD vs healthy control comparison, 

the maximum Fisher’s ratio is 1.36 for the gene GRHL1 

and only 9 genes have a Fisher’s ratio greater or equal 

1. The highest LOOCV predictive accuracy (90.35%) was 

obtained with the first 46 most discriminatory genes that 

have a Fisher’s ratio greater than 0.65. Additionally, 

considering only the six most discriminatory genes 

(GRHL1, SBDS, RPS4Y1, JARID1D and FAM29A and 

UNQ1940) we achieved a LOOCV predictive accuracy of 

88.60%, close to the maximum accuracy obtained with 

46 genes. Most of the discriminatory genes shown are 

more highly expressed in PD compared to controls (refer 

to Table 1). 

 We next compared two algorithms for gene 

prioritization in order to establish the altered genetic 

pathways. Table 2 shows the list of most frequently 

sampled genes by the Fisher’s ratio sampler while Table 

3 shows the list of most frequently sampled genes by 

the holdout sampler. The holdout sampler provides more 

genes with higher sampling frequencies than the FR 

sampler. It can be observed that most of the genes with 

sampling frequency higher than 1% in the FR list also 

belong to the holdout list. Table 3 shows the pathway 

analysis established using the list of genes with sampling 

frequency higher than 0.2 in both cases (Fisher’s ratio 

and Holdout samplers). Tables 5 and 6 provide the 

pathways with the corresponding scores given in Table 4 

for both random samplers. Pathway analysis of the list 

of genes with sampling frequency higher than 0.2 

identified Insulin Pathway, FOXA1 Transcription Factor 

Network, HIF-1 Signaling Pathway, Transcription-P53 

Signaling Pathway and Chromatin Regulation / 

Acetylation pathway.  

 Figure 3 shows the correlation tree                 

corresponding to the 30 first most discriminatory genes 

using the Pearson correlation coefficient. The most 

differentially expressed gene (GRHL1) is positively 

correlated to NFIC, DEFB125, DENND1C, GPR142, CD47 

and UNQ1940 that control its expression. The main sub-

trees develop under GPR142 and DENND1C.  

DENND1C (DENN Domain Containing 1C) is a protein-

coding gene. Among its related pathways are Vesicle-

mediated transport. Clathrin-mediated endocytosis is a 

major mechanism for internalization of proteins and 

lipids.  

Discussion 

 Parkinson disease samples can be separated 

from healthy controls with a very high LOOCV predictive 

accuracy (close to 90%) using a minimum scale 

signature composed of 2 or 6 most discriminatory genes 

(GRHL1, SBDS, RPS4Y1, JARID1D, FAM29A and 

UNQ1940).  Both sampling methods provide similar lists 

of the most-frequently sampled genes and also point to 

some common pathways (Insulin Pathway, FOXA1 

Transcription Factor Network, HIF-1 Signaling Pathway, 

Transcription-P53 Signaling Pathway and Chromatin 

Regulation/Acetylation pathway) whose importance has 

been outlined by different research works in PD and 

neurodegenerative disorders. Riley et al (2014) using 

systems-based analyses of proteomic, RNAseq and 

microarrays data in different brain regions, finding as 

main mechanisms alterations in mitochondria and 

vesicular transport inducing defects in translation and 

protein turnover. Our results are slightly different and 

more general since our analysis integrates measures 

from different regions of the brain and it is performed 

depending on the class of the sample (PD or not).   

 Regarding the description of the most 

discriminatory genes of the PD vs HC phenotype, the 

following information is of interest: GRHL1 (Grainyhead 

http://www.openaccesspub.org/
http://openaccesspub.org/
http://openaccesspub.org/journal/jmid
https://openaccesspub.org/journal/jmid/copyright-license
https://doi.org/10.14302/issn.2641-5526.jmid-18-2529
http://pathcards.genecards.org/card/vesicle-mediated_transport


 

Freely Available  Online 

www.openaccesspub.org   JMID      CC-license         DOI : 10.14302/issn.2641-5526.jmid-18-2529               Vol-1 Issue 1 Pg. no.–  43  

Gene  Mean-HC  Std-HC  Mean-PD  Std-PD    FC  FR (log)  Accuracy 

GRHL1   69.17   44.30  129.08   34.95   -0.90    1.36   81.58 

SBDS  1357.33  419.09  805.41  275.25    0.75    1.32   88.60 

RPS4Y1  1741.55  1962.49  2285.93  2089.89   -0.39    1.28   88.60 

JARID1D  247.70  278.03  294.63  265.35   -0.25    1.10   87.72 

FAM29A   33.98   15.08   17.55   10.35    0.95    1.09   87.72 

UNQ1940    8.95   13.48   26.14   12.42   -1.55    1.03   88.60 

CD27   55.26   33.34   82.38   22.41   -0.58    1.01   85.09 

GPR142   11.72   16.18   30.92   15.45   -1.40    1.01   83.33 

LELP1   28.15   26.54   55.26   22.22   -0.97    1.00   85.09 

FAM83C    7.34   11.12   19.84   10.65   -1.44    0.99   81.58 

ZNF710   22.19   14.85   38.31   11.11   -0.79    0.96   81.58 

REPIN1   45.10   24.81   71.77   24.63   -0.67    0.95   81.58 

DENND1C   60.17   47.26  106.38   34.91   -0.82    0.94   81.58 

SAMD7   15.60   15.47   29.18   10.06   -0.90    0.93   80.70 

RASA4   22.84   20.19   43.92   20.36   -0.94    0.92   80.70 

GHRH   22.35   16.73   37.86   19.41   -0.76    0.89   81.58 

DEFB125   25.46   21.15   52.18   21.60   -1.04    0.88   81.58 

 MAP4   13.65   11.37   24.36    9.55   -0.84    0.84   81.58 

EGFL9   27.24   12.36   39.30   11.36   -0.53    0.84   83.33 

NFIC   60.89   20.86   83.81   20.54   -0.46    0.83   81.58 

MPZL1   28.52   15.75   43.90   14.14   -0.62    0.83   82.46 

PDPK1   50.71   34.19  106.08   50.77   -1.06    0.82   82.46 

SPIN1  617.23  169.26  845.98  174.16   -0.45    0.81   83.33 

PLAA  170.82   41.24  123.89   28.71    0.46    0.78   83.33 

LOC731809   96.04   50.25   46.49   22.63    1.05    0.78   82.46 

C3ORF22   25.72   18.68   44.28   14.31   -0.78    0.77   83.33 

ZMAT1  236.00   95.63  140.43   50.67    0.75    0.77   83.33 

AMY1C  7945.65  2296.93  5977.53  2345.32    0.41    0.77   84.21 

FLJ16124   10.28   16.83   22.51   15.28   -1.13    0.77   84.21 

NUT   10.79    9.98   20.96    9.47   -0.96    0.75   86.84 

XAGE1   25.99   16.94   39.75   15.65   -0.61    0.73   85.09 

 RXFP4   20.93   14.18   35.15   13.42   -0.75    0.72   84.21 

NPFFR1    1.57   10.37    9.28    7.55   -2.56    0.72   86.84 

AGPAT1   18.16   12.99   27.87   10.83   -0.62    0.72   86.84 

C19ORF10  652.66  261.66  424.44  147.71    0.62    0.71   85.96 

SAR1A  909.14  180.53  730.35  152.18    0.32    0.71   86.84 

Table 1. PD vs healthy control. We only show the list of most discriminatory genes with a Fisher’s ratio higher 

than 0.7. With bold-face the genes that are under-expressed in PD 
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Table 2. Fisher’s ratio random sampler. Most discriminatory genes sampled in different networks for the healthy 

control vs PD phenotype (sampling frequency higher than 0.4%). We also provide the mean of the expression in 

each group, the fold change, the Fisher’s ratio and the sampling frequency. It can be observed that the genes 

with highest FR are overexpressed in PD. With bold-face the genes that are under-expressed in PD. 

Gene Mean-HC Mean-PD FC FR Frequency 

RPS4Y1 1741.55 2285.93 -0.39 1.28 1.4 

GRHL1 69.17 129.08 -0.9 1.36 1.36 

JARID1D 247.7 294.63 -0.25 1.1 1.27 

SPIN1 617.23 845.98 -0.45 0.81 1.25 

UNQ1940 8.95 26.14 -1.55 1.03 1.21 

SBDS 1357.33 805.41 0.75 1.32 1.21 

FAM29A 33.98 17.55 0.95 1.09 1.14 

RASA4 22.84 43.92 -0.94 0.92 1.08 

GPR142 11.72 30.92 -1.4 1.01 1.06 

MPZL1 28.52 43.9 -0.62 0.83 1.03 

GHRH 22.35 37.86 -0.76 0.89 0.99 

EGFL9 27.24 39.3 -0.53 0.84 0.9 

CD27 55.26 82.38 -0.58 1.01 0.88 

NFIC 60.89 83.81 -0.46 0.83 0.82 

DENND1C 60.17 106.38 -0.82 0.94 0.82 

LELP1 28.15 55.26 -0.97 1 0.8 

PDPK1 50.71 106.08 -1.06 0.82 0.8 

SAMD7 15.6 29.18 -0.9 0.93 0.75 

ZNF710 22.19 38.31 -0.79 0.96 0.71 

MAP4 13.65 24.36 -0.84 0.84 0.69 

DEFB125 25.46 52.18 -1.04 0.88 0.65 

C1ORF9 49.01 19.08 1.36 0.67 0.62 

REPIN1 45.1 71.77 -0.67 0.95 0.6 

FAM83C 7.34 19.84 -1.44 0.99 0.58 

SAMD13 15.37 1.3 3.56 0.68 0.5 

PLAA 170.82 123.89 0.46 0.78 0.5 

AMY1C 142.7 94.67 0.59 0.44 0.47 

C19ORF10 652.66 424.44 0.62 0.71 0.45 

EIF1AY 594.27 582.59 0.03 0.53 0.43 

PRKRA 1597.69 1315.14 0.28 0.53 0.43 
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Gene Mean-HC Mean-PD FC FR Frequency 

SBDS  1357.33  805.41    0.75    1.32    2.74 

UNQ1940 8.95 26.14 -1.55 1.03 2.68 

GRHL1 69.17 129.08 -0.9 1.36 2.63 

FAM83C 7.34 19.84 -1.44 0.99 2.53 

GPR142 11.72 30.92 -1.4 1.01 2.47 

FAM29A 33.98 17.55 0.95 1.09 2.4 

ZNF710 22.19 38.31 -0.79 0.96 2.21 

SAMD7 15.6 29.18 -0.9 0.93 2.18 

CD27 55.26 82.38 -0.58 1.01 2.14 

RPS4Y1 1741.55 2285.93 -0.39 1.28 2.1 

LELP1 28.15 55.26 -0.97 1 1.99 

REPIN1 45.1 71.77 -0.67 0.95 1.89 

DEFB125 25.46 52.18 -1.04 0.88 1.86 

SPIN1 617.23 845.98 -0.45 0.81 1.8 

JARID1D 247.7 294.63 -0.25 1.1 1.78 

EGFL9 27.24 39.3 -0.53 0.84 1.69 

DENND1C 60.17 106.38 -0.82 0.94 1.65 

RASA4 22.84 43.92 -0.94 0.92 1.64 

PLAA 170.82 123.89 0.46 0.78 1.63 

MAP4 13.65 24.36 -0.84 0.84 1.62 

MPZL1 28.52 43.9 -0.62 0.83 1.59 

PDPK1 50.71 106.08 -1.06 0.82 1.56 

GHRH 22.35 37.86 -0.76 0.89 1.4 

LOC731809 96.04 46.49 1.05 0.78 1.28 

C3ORF22 25.72 44.28 -0.78 0.77 1.27 

NFIC 60.89 83.81 -0.46 0.83 1.26 

C4BPB 4.98 17.78 -1.84 0.7 1.12 

ZMAT1 236 140.43 0.75 0.77 1.1 

C19ORF10 652.66 424.44 0.62 0.71 1.06 

FLJ16124 10.28 22.51 -1.13 0.77 1.03 

Table 3: Holdout sampler. Most discriminatory genes sampled in different networks for the HC vs PD phenotype 

(sampling frequency higher than 1%). We also provide the mean of the expression in each group, the fold 

change, the Fisher’s ratio and the sampling frequency. With bold-face the genes that are under-expressed in PD 
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  Fisher’s ratio sampler Holdout sampler 

 Most-frequently 

sampled genes 

(Sampling Frequency 

>1 %) 

RPS4Y1, GRHL1, JARID1D, SPIN1, 

UNQ1940, SBDS, FAM29A, RASA4, 

GPR142, MPZL1. 

SBDS, UNQ1940, GRHL1, FAM83C, GPR142, 

FAM29A, ZNF710, SAMD7, CD27, RPS4Y1, 

LELP1, REPIN1, DEFB125, SPIN1, JARID1D, 

EGFL9, DENND1C, RASA4, PLAA, MAP4, 

MPZL1, PDPK1, GHRH, LOC731809, 

C3ORF22, NFIC, C4BPB, ZMAT1, KIR2DL5A, 

C190RF10, FLJ16124. 

Pathways 

Insulin Pathway, FOXA1 Transcription 

Factor Network, B Cell Development 

Pathway, HIF-1 Signaling Pathway, 

Transcription-P53 Signaling Pathway, 

Protein Processing in Endoplasmic, 

MRNA Splicing - Major Pathway,                   

Glypican 2 Network, RNA Polymerase II 

Transcription Termination, P53 Pathway, 

Cellular Senescence, Integration of Viral 

DNA Into Host Genomic DNA, Trk             

Receptor Signaling Mediated By PI3K 

and PLC-gamma, HIF-2-alpha Transcrip-

tion Factor Network, NGF Pathway,              

Chromatin Regulation / Acetylation. 

  

Natural Killer Cell Receptors, FOXA1                

Transcription Factor Network, HIF-1                

Signaling Pathway, Oncogene Induced             

Senescence, Regulation of TP53 Expression 

and Degradation, Aldosterone-regulated 

Sodium Reabsorption, Class I MHC                     

Mediated Antigen Processing and                    

Presentation, Insulin Pathway, FOXA2 and 

FOXA3 Transcription Factor Networks,                

Regulation of Activated PAK-2p34 by               

Proteasome Mediated Degradation,                  

Chromatin Regulation / Acetylation, FBXW7 

Mutants and NOTCH1 in Cancer, HIF1Alpha 

Pathway, Transcription-P53 Signaling             

Pathway, Immuno regulatory Interactions 

Between A Lymphoid and A Non-Lymphoid 

Cell. 

Biological Processes 

Negative Regulation of Oxidative       

Stress-induced intrinsic Apoptotic                

Signaling Pathway, Negative Regulation 

of Ubiquitin-protein Transferase activity, 

Release of Sequestered Calcium Ion into 

Cytosol, Bone Marrow development, 

Growth Hormone Secretion, Positive 

Regulation of Multicellular Organism 

Growth 

  

Growth Hormone Secretion, Bone Marrow 

development, Positive Regulation of             

Multicellular Organism Growth, Cellular        

Response to Epidermal Growth factor            

Stimulus, 

Compounds Zebularine, Acnu. Zebularine, Acnu, ACIPIMOX 

Table 4.  Pathway comparison between the Fisher’s ratio and the holdout samplers. 
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7.87 Insulin Pathway 

7.87 FOXA1 Transcription Factor Network 

7.05 B Cell Development Pathways 

7.02 HIF-1 Signaling Pathway 

6.97 Transcription_P53 Signaling Pathway 

6.88 Protein Processing in Endoplasmic Reticulum 

6.86 MRNA Splicing - Major Pathway 

6.08 Glypican 2 Network 

5.87 RNA Polymerase II Transcription Termination 

5.82 P53 Pathway (RnD) 

5.56 Cellular Senescence 

5.50 Integration of Viral DNA Into Host Genomic DNA 

5.37 Trk Receptor Signaling Mediated By PI3K and PLC-gamma 

5.21 HIF-2-alpha Transcription Factor Network 

5.16 NGF Pathway 

5.12 Chromatin Regulation / Acetylation 

5.08 Cellular Response to Heat Stress 

5.05 Calnexin/calreticulin Cycle 

5.05 Signaling Events Mediated By TCPTP 

5.05 Regulation of TP53 Expression and Degradation 

Table 5. Pathways with scores identified by the FR sampler (medium scores matches). We have 

used the set of the 150 most-frequently sampled genes. 

8.77 Natural Killer Cell Receptors 

8.15 FOXA1 Transcription Factor Network 

8.06 Vasopressin-regulated Water Reabsorption 

7.85 G-Beta Gamma Signaling 

7.55 Ovarian Steroidogenesis 

7.36 HIF-1 Signaling Pathway 

7.24 Transcription_P53 Signaling Pathway 

6.99 Integration of Energy Metabolism 

6.97 Serotonin Receptor 4/6/7 and NR3C Signaling 

6.96 T Cell Co-Signaling Pathway: Ligand-Receptor Interactions 

6.72 Phospholipase D Signaling Pathway 

6.26 Insulin Receptor Recycling 

6.18 Bile Secretion 

5.71 Cell Adhesion Molecules (CAMs) 

5.68 G Alpha (s) Signalling Events 

5.55 Oncogene Induced Senescence 

5.38 Signal Transduction_PKA Signaling 

5.24 Signaling Events Mediated By TCPTP 

5.24 Regulation of TP53 Expression and Degradation 

5.24 Articular Cartilage Extracellular Matrix Pathway 

Table 6: Pathways with scores identified by the Holdout sampler (medium scores matches). We 

have used the set of the 150 most-frequently sampled genes 
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Like Transcription Factor 1) is a protein-coding gene that 

plays an important role in the regulation of lipid 

metabolism by Peroxisome proliferator-activated 

receptor alpha (PPARalpha). This gene is very highly 

expressed in the kidney and it has been shown that the 

loss of GRHL1 influences the regulation of heart rate in a 

mouse model. In our study, this gene is overexpressed 

in PD patients with expression that almost double the 

level of expression in healthy patients. It has been found 

that GRHL1 (or LBP-32) is overexpressed in colorectal 

cancer at mRNA level and correlates with clinical staging 

[25].  GRHL1 is also involved in colon cancer progression 

and metastasis acting as tumor suppressor in     

neuroblastoma [26]. Up to our knowledge GRHL1 has 

never been associated to PD.   

 SBDS (Ribososme Maturation Factor) encodes a 

protein that plays an essential role in RNA metabolism 

and ribosome biogenesis. This gene is required for 

normal levels of protein synthesis, and it may play a role 

in cellular stress resistance, in cellular response to DNA 

damage, and in cell proliferation.  The                        

Shwachman-Diamond Syndrome is associated to SBDS. 

Knockdown of SBDS expression results in                      

increased apoptosis in erythroid cells                          

undergoing differentiation due to elevated ROS levels. 

Hence, SBDS is critical for normal erythropoiesis [27]. 

Nevertheless, the role of the SBDS protein in RNA 

processing is not completely clear yet. In this analysis, 

this gene is under expressed in PD and it has never 

been associated to this disease.  

 RPS4Y1 (Ribosomal Protein S4, Y-Linked 1) is a 

protein-coding gene related to Viral mRNA               

Translation and Activation of the mRNA. Among its 

related pathways are Viral mRNA Translation 

and Activation of the mRNA and  Influenza Viral RNA 

Transcription and Replication. This gene has been found 

to be related to PD by analysis of gene expression in 

whole blood [28]. The mean expression of RPS4Y1 is 

lower in MCI (1066), compared to AD (1567), healthy 

controls (1741) and PD (2286). Therefore, this gene is 

differentially expressed in two neurodegenerative 

diseases, as it is over-expressed in PD and                         

under-expressed in AD.   

 JARID1D (Lysine Demethylase 5D) encodes a 

protein containing zinc finger domains. It has been 

found to be a suppressor and prognostic marker of 

prostate cancer metastasis [29]. JARID1D is overex-

pressed in PD (295) with respect to healthy controls 

(248). JARID1D is also one of the genes that serve to 

differentiate Mild Cognitive Impairment (244) from AD 

(281). Therefore, the expressions in these two 

neurodegenerative diseases (PD and AD) are similar.  

 FAM29A and UNQ1940 are not very well 

characterized genes. FAM29A (HAUS6) encodes a 

protein that plays a role in cell division.  This gene is 

also under-expressed in PD.   

 FAM83C encodes a protein that may be involved 

in regulating MAPK signaling in cancer cells. GPR142 

encodes a protein member of the rhodopsin family of G 

protein-coupled receptors. ZNF710 encodes the Zinc 

Finger Protein 710, which is related to Gene Expression 

Pathways. SAMD7 is a protein coding gene involved in 

Retinitis Pigmentosa.  

 CD27 is a member of the TNF-receptor 

superfamily, required for long-term maintenance of T 

cell immunity, and plays a key role in regulating B-cell 

activation and immunoglobulin synthesis. Most genes 

that better discriminate the PD from healthy controls 

have never been related to PD. Interestingly, some of 

these genes have been found to be also related to 

Alzheimer disease, which may suggest a common role in 

neurodegenerative disorders. 

Concerning the Analysis of the Defective Pathways 

Found by Both Samplers:  

1. Insulin resistance in PD was pointed by [30],  

proposing that disruptions in shared molecular 

networks lead to both. Besides the insulin signaling 

pathway may potentially be a novel target for 

disease modification [31].   

2. Transcription factors FOXA1 and FOXA2 are crucial 

to maintain key cellular and functional features of 

dopaminergic neurons in the adult brain of mice. 

Transcription factors FOXA1/2 control dopaminergic 

neurons development, and retain their expression in 

adult neurons. Dopaminergic neurons are important 

in the brain control of voluntary movement and a 

variety of cognitive functions such as reward–

motivation mechanisms, mood regulation, addiction 

and memory [32].  
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3. Hypoxia inducible factor-1 (HIF-1) is a                 

transcriptional factor responsible for cellular and 

tissue adaption to low oxygen tension. Experimental 

and clinical evidence has demonstrated that 

regulating HIF-1 might ameliorate the cellular and 

tissue damage in the neurodegenerative diseases, 

and has suggested HIF-1 as a potential                  

medicinal target for the neurodegenerative                    

diseases [33].  

4. The Transcription-P53 Signaling Pathway is very                  

well-known in cancer. P53 activation is induced by a 

number of stress signals, including DNA damage, 

oxidative stress and activated oncogenes. The P53 

protein is employed as a transcriptional activator of           

P53-regulated genes and has three major outputs: 

cell cycle arrest, cellular senescence and apoptosis. 

Alves da Costa and Checler (2011) suggested that 

the P53 Signaling Pathway is the missing link 

between the genetic and sporadic PD [34]. It is 

known that this pathway plays an important role in 

neurodegenerative disorders [35]. Park et al (2016) 

have shown that neurotoxins induce expression and 

acetylation of histones in cultured human cells and 

mouse midbrain dopaminergic neurons [36]. 

Consistently, levels of histone acetylation are 

markedly higher in midbrain dopaminergic neurons 

of PD patients compared to those of their matched 

control individuals. This finding also reveals the 

importance of epigenetic mechanisms in the 

pathogenesis of PD.  

5. Also, the list of pathways that are not common to 

both samplers includes: Class I MHC Mediated 

Antigen Processing and Presentation, Integration of 

Viral DNA into Host Genomic DNA, B Cell Develop-

ment Pathway, Immuno-regulatory Interactions, 

Cellular Senescence and Oncogene Induced 

Senescence, among others. We believe that some of 

these mechanisms might be important and should 

be the subject for investigation of new therapeutic 

targets in PD. 

 Finally, regarding the most important biological 

processes, there are some common mechanisms 

involved depicted by both samplers: Bone Marrow 

development, Growth Hormone Secretion, Positive 

Regulation of Multicellular Organism Growth. Other 

biological mechanisms involved are: Negative Regulation 

of Oxidative Stress-induced intrinsic Apoptotic Signaling 

Pathway, Negative Regulation of Ubiquitin-protein 

Transferase activity. Most genes we found discriminative 

between PD and healthy controls have never been 

related to PD.  

Conclusion 

 We have presented the comparison of two novel 

sampling algorithms of the defective pathways in 

Parkinson disease. Both methods look for the most 

discriminatory genes using a combination of fold change 

(differential expression) and Fisher’s discriminatory 

analysis (homogeneity within classes), and sample the 

uncertainty space of a Nearest neighbor classifier.  The 

use of different sampling methods to analyze the 

deregulated pathways in different diseases in order to 

establish the defective pathways by consensus is crucial. 

This hypothesis of biological pathways invariance has 

been recently outlined in [37] concerning the analysis of 

the molecular mechanisms involved in the metastasis in 

triple negative breast cancer, and implies that the 

defective pathways should be independent of the 

sampling methods that are used to perform this analysis. 

We believe that the pathways identified in this 

retrospective analysis have been previously outlined by 

other research studies. We believe that might be the 

target for therapeutics and deserve future clinical 

validation. The incremental knowledge needed to solve 

complex neurodegenerative diseases such as PD, needs 

of the investigation of robust bioinformatic methods, 

such as those presented in this paper, to link the disease 

to its possible causes. In that sense, the non-free lunch 

theorem [38] also applies to bioinformatics, that is, no 

algorithm is superior to others when applied to a wide 

range of problems. In the present case, this sentence 

means that we should avoid the use of black box 

methodologies without a clear understanding of the 

biological basis of the phenotype problem that needs to 

be solved. Therefore, the solution does not simply 

consist in comparing the accuracy of the different 

algorithms, but establishing multidisciplinary teams able 

to tackle different aspects of these complex problems. 

Our expectation is that by publishing this paper in an 

Open-Access journal will serve to boost the research of 

this important neurodegenerative disorder. 
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