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ABSTRACT 

A MACHINE LEARNING AND NETWORKS APPROACH TO INFER DISEASE 

MECHANISMS 

Kamil Can Kural, Ph.D. 

George Mason University, 2022 

Dissertation Director: Ancha Baranova 

 

All  biological problems, including cancer, mental disorders, rare diseases, and 

immunological disorders, are complex multisystem pathophysiological shifts facilitated 

by functional changes. Multiple points of origin and mechanisms can contribute, 

including genetic mutations, epigenetic factors, protein misfolding, and differential gene 

expression, which promote such functional abnormalities. This dissertation describes 

mega-analysis and machine learning methods to identify and select essential entities that 

are prime candidates for drivers of such disorganization. Furthermore, heterogeneous 

networks have been employed to achieve a more thorough pathway analysis that takes 

protein-protein interactions into account. This dissertation contains four projects, 

investigating PPARDôs role in major depressive disorder, exploring the link between 

schizophrenia and myocardial infarctions, identifying the connections between atopic 
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dermatitis and major depressive disorder, and finally, biomarker identification for 

survival status prediction of patients with brain cancer. 

  



xvi 

 

LIST OF PUBLICATIONS  

Publications Included in This Dissertation: 

Tao Yang, Juhua Li, Liyuan Li, Xuehua Huang, Jiajun Xu, Xia Huang, Lijuan 

Huang, Kamil Can Kural , "PPARD May Play a Protective Role for Major Depressive 

Disorder", PPAR Research, vol. 2021, Article ID 5518138, 8 pages, 2021. 

https://doi.org/10.1155/2021/5518138 

Yang X, Chen Y, Wang H, Fu X, Kural K C, Cao H and Li Y (2021) 

Schizophrenia Plays a Negative Role in the Pathological Development of Myocardial 

Infarction at Multiple Biological Levels. Front. Genet. 12:607690. doi: 

10.3389/fgene.2021.607690 

Yang T, Huang X, Xu J, Situ M, Xiao Q, Kural KC  and Kang Y (2021) Explore 

the Underlying Mechanism Between Atopic Dermatitis and Major Depressive Disorder. 

Front. Genet. 12:640951. doi: 10.3389/fgene.2021.640951 

 

 

 

 

 

 

https://doi.org/10.1155/2021/5518138


xvii  

 

Publications Not Included in This Dissertation: 

1-) An Ensemble Machine Learning and Graph Networks Approach to Identify 

Biomarkers Responsible for Immune-Related Adverse Events (2021) Kamil Can Kural , 

Emma C. Scott, Sean Smith, Luis Santana-Quintero, Ilya Mazo, Dickran Kazandjian, 

Tigran Ghazanchyan, Svetlana Petrovskaya, Yong Zhang, Amy Rosenberg, V. Ashutosh 

Rao, Jennifer L. Marté, Marc R. Theoret, Richard Pazdur, James L. Gulley, Julia A. 

Beaver and Konstantinos Karagiannis. FDA Scientific Computing Days Poster 

Presentation 

2-) Using Machine Learning on ICD-10 Data to Enhance an Expert Anaphylaxis 

Case Definition (2020) Kamil Can Kural , Ilya Mazo, Mark Walderhaug, Lei Huang, 

Luis Santana-Quintero and Ravi Goud FDA Scientific Computing Days Poster 

Presentation 

3-) Emma C. Scott, Kamil Kural , Sean Smith, Michael Colgan, Alexander J. 

Ambinder, Gabriel Ghiaur, Nora Holmes, Dickran Kazandjian, Catherine Lai, Colleen 

McGuire, Lorraine Pelosof, Svetlana Petrovskaya, V. Ashutosh Rao, Amy Rosenberg, 

Luis Santana-Quintero, Joseph Wynne, Wenming Xiao, Yong Zhang, R. Angelo de 

Claro, Richard Pazdur, Julia A. Beaver, Kelly J. Norsworthy, Response Prediction to 

Isocitrate Dehydrogenase (IDH) Inhibitors in Patients with IDH1- or IDH2-Mutated 

Acute Myeloid Leukemia Using Clinical and Genomic Data, Blood, Volume 138, 

Supplement 1, 2021, Page 1285, ISSN 0006-4971, https://doi.org/10.1182/blood-2021-

147099. 



xviii  

 

4-) Lian, M., Cao, H., Baranova, A., Kural, K. , Can, Hou, L., He, S., Shao, Q., & 

Fang, J. (2020). Aging associated genes TNFRSF12A and CHI3L1 contribute to thyroid 

cancer: An evidence for the involvement of hypoxia as a driver. Oncology Letters, 19(6), 

3634ï3642. https://doi.org/10.3892/ol.2020.11530 

5-) Dongbai Liu, Hongbao Cao, Kamil Can Kural , Qi Fang, Fuquan Zhang; 

Integrative analysis of shared genetic pathogenesis by autism spectrum disorder and 

obsessive-compulsive disorder. Biosci Rep 20 December 2019; 39 (12): BSR20191942. 

doi: https://doi.org/10.1042/BSR20191942 

6-) Yang, X., Chen, Y., Wang, H., Fu, X., Kural, K. C. , Cao, H., & Li, Y. (2021). 

Schizophrenia Plays a Negative Role in the Pathological Development of Myocardial 

Infarction at Multiple Biological Levels. Frontiers in genetics, 12, 607690. 

https://doi.org/10.3389/fgene.2021.607690 

7-) Cao, R., Dong, Y., & Kural, K. C.  (2020). Integrating Literature-Based 

Knowledge Database and Expression Data to Explore Molecular Pathways Connecting 

PPARG and Myocardial Infarction. PPAR Research, 2020, 1892375. 

https://doi.org/10.1155/2020/1892375 

8-) Zhu, Y., Mi, Y., Qin, Z., Jiang, X., Shan, Y., Kural, K ., & Yu, G. (2022). 

Increased PPARD Expression May Play a Protective Role in Human Lung 

Adenocarcinoma and Squamous Cell Carcinoma. PPAR Research, 2022, 9414524. 

https://doi.org/10.1155/2022/9414524 

https://doi.org/10.3892/ol.2020.11530
https://doi.org/10.1042/BSR20191942
https://doi.org/10.1155/2020/1892375
https://doi.org/10.1155/2022/9414524


1 

 

CHAPTER I:  INTRODUCTION  

1.1 Motivation: 

Most diseases are caused by or enhanced by various defects in the source code of 

living organisms, the genome [1]. These defects can be mainly at one or more of three 

commonly studied levels of complexity: Proteomics [2], which explores the structures 

and interactions of proteins; transcriptomics [3], which examines the RNA transcribed 

from the DNA; and finally, genomics [4], which studies the structure, function, and 

evolution of the DNA sequences. Researchers utilize various techniques to identify and 

analyze events taking place within the two latter complexity layers, mainly looking at 

structural variations among NGS [5] assays and more significant chromosomal 

abnormalities using FISH [6] or optical genome mapping [7] more recently, and the 

differential gene expression [8] for a change in expression patterns between case and 

control samples. On the other hand, proteomics requires profiling totally different set of 

molecules, typically requiring mass-spectrometry based approach. 

 Typically, a case-control study is conducted between sets of samples with a 

disease or a phenotype of interest. In the next phase, a group of biomarkers that are 

specifically differentiating the cases and the controls is identified by bioinformatic 

methods. 

Accurate identification of biomarkers and their validation is of utmost importance 

for correct assessment of essential biological processes, pathways, molecular functions, 
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and cellular components that contribute to the phenotypical abnormalities researchers 

observe and dissect. There is a well-recognized need in development of generally 

applicable methods for producing reliable functional assessments of the changes in the 

profiles of thousand molecules comprising molecular milieu of each affected tissue. 

In scientific literature, there are ongoing discussions around using multiple feature 

selection [9, 10] workflows versus utilizing single, well tested workflow for multiple 

datasets. The most successful approaches are the ones that take numerous properties of 

the dataset into account, including the distribution of the data, parametric vs. 

nonparametric assumptions, missing information, number of categorical variables, 

preprocessing requirements, sparseness, ordinality and size. As one can observe, many 

assumptions should be tested before deciding on the best feature selection method, for 

each case separately. One way to overcome this limitation is to develop a workflow that 

examines the agreement between multiple proven and generally applicable procedures. In 

the following chapters, this dissertation will compare the applicability of ensemble 

methods and the combination of filter, wrapper, and embedded selection techniques. 

The next important step after biomarker identification is downstream pathway 

analysis [11], where researchers try to identify critical biological processes which were 

dysregulated and, therefore, underline observed disturbance of the molecular profile. One 

limitation of the current pathway analysis methods is the lack of network biology 

information where the protein-protein interactions are properly considered. This is a 

massive limitation. Since a change in protein transcribing DNA sequence can lead to a 

change of the resultant protein structure, hindering a protein's active sites by inefficient 
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post-translational modifications or inefficient/faulty folding patterns [12]. In this case, 

information concerning protein-protein interactions in the normally functioning cell may 

not be relevant to a diseased state. Similarly, one can argue that differential expression 

profiles coming from the same tissue should also be analyzed in isolation, as chemical 

reactions need the right concentration of entities in the medium. Changes in protein 

expression will undoubtedly affect the protein-protein interaction-dependent processes by 

limiting the speed and the number of reactions happening in a given timeframe [13]. 

Considering all the limitations described earlier, it is necessary to develop a pathway 

analysis method that relies heavily on experimental [14] evidence rather than the 

observational implications that are not verifiable. This dissertation describes the 

utilization of heterogeneous networks developed by Himmelstein et al [15]. for 

downstream and upstream network analysis of a given list of genes. 

 

1.2 Significance/Implications: 

The contributions of this dissertation include the following: 

¶ A new approach to a pathway analysis, comprised of heterogeneous 

networks, examining the relevant biological networks by accounting for 

protein-protein interactions. 

¶ Identification of PPARD as an essential regulator for the development of 

Major Depressive Disorder and the protein-protein interaction networks 

which pinpoint the critical biological processes PPARD participates in [16]. 
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¶ Identification of the links between Schizophrenia and Myocardial Infarction 

and the critical biological phenomena in which these biomarkers play a 

critical role [17]. 

¶ Exploration of the underlying biological mechanisms shared between atopic 

dermatitis and major depressive disorders [18]. 

¶ Comparison of the effectiveness of feature selection algorithms, mainly the 

ensemble machine learning methods vs. the P-values computed with 

Permutation Importance proposed by Altman. et al. and the improvements 

made for imbalanced data when applied to brain cancer survival status 

biomarker identification challenge organized in frame of the Precision FDA. 

¶ Demonstrating reliable PPI network-based detection of possible biological 

events which might emerge after a change in large chromosomal structure. 

 

1.3 Organization of The Dissertation: 

Dissertation is presented as a set of case studies which demonstrate the 

effectiveness of methodologies utilized for biomarker identification using statistical and 

machine learning approaches: 

Chapter 1 ï General introduction and the current trends for biomarker discovery 

and databases available for pathway analysis. 

Chapter 2 ï Materials and Methods used in the analysis process of the different 

biological phenomena studied in this Dissertation 
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Chapter 3 ï Effect of PPARD expression on the development of Major 

Depressive Disorder and relevant protein-protein interaction facilitated pathway analysis 

using heterogeneous networks. 

Chapter 4 ï Mega analysis facilitated biomarker identification using gene 

expression alterations shared between Schizophrenia and Myocardial Infarction. 

Chapter 5 - Explores the underlying mechanism between atopic dermatitis and 

major depressive disorder. 

Chapter 6 ï Use of P-values computed with Permutation Importance and 

ensemble machine learning for biomarker identification in brain cancer survival status 

prediction study. 

Chapter 7ï Conclusions 
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CHAPTER II:  MATERIALS AND METHODS  

In total, there were four major approaches utilized in this Dissertation, including 

analysis of existing knowledge base facilitated by Pathway Studio, mega-analysis, 

machine learning methods and a new way of pathway analysis which accounts for 

protein-protein interactions.  

 

2.1 PATHWAY STUDIO FACILITATED LITERATURE REVIEW AND MEGA 

ANALYSIS  

To explore meaningful genetic networks through which an entity could influence 

the development and progress of a certain disease or biological process, following rules 

for the identification of the networks are assumed: (1) For each edge (relationship) within 

a network, there were one or more scientific studies supporting the relationship. (2) A 

node (gene) demonstrated significant expression changes in the patients of that disease.  

 

2.1-a) Identifying a Connection Network 

Assisted by Pathway Studio (PS) (http://www.pathwaystudio.com; version 

12.3.0.16), a systematical pathway analysis to uncover regulators at different levels, 

including proteins, small molecules, complexes, and functional classes has been 
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conducted for multiple projects. Owned by Elsevier Inc., the PS database ResNet [1] 

contains functional relationships and pathways of mammalian proteins, including human, 

mouse, and rat genes. The database covers over 24 million PubMed abstracts and 3.5 

million Elsevier and 3rd part full-text papers. 

The regulators for multiple projects were identified by using the Shortest Path 

Module within Pathway Studio. Each relation between an entity and its regulators were 

supported by one or more references. The sentences from each supporting reference were 

manually checked for quality control. Following the same process, the items influenced 

by an entity were also identified, with the overlapped items used to build the regulating 

network. 

The following criteria were applied for the selection of the network regulators. (1) 

The direction is from an entity to another entity. (2) Each relationship (network edge) has 

a signed polarity (positive or negative effect). (3) The quality control of each relationship 

(network edge) was conducted through manual inspection of the supporting references. 

(4) The type of regulators includes genes (proteins), functional class, and small 

molecules. For a relationship with more than 10 supporting references, we inspected the 

first 10 references. The relationships that passed the filtering criteria were employed to 

construct the entity(ies) driven signaling pathways that may affect roles in the pathology 

of a certain outcome.  
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2.1-b) Selection of Gene Expression Datasets and Data Acquisition 

Expression datasets were identified within the GEO database. 

(https://www.ncbi.nlm.nih.gov/geo/) The search was conducted using the relevant 

keywords for each individual project where a certain number of studies with series data 

were identified and downloaded. An outline of the metadata of the identified datasets 

have been created and a selected subset of the data was used for the mega-analysis with 

the following criteria applied: (1) The dataset was array expression data. (2) The 

organism of the dataset was Homo sapiens. (3) The study design was MI case vs. healthy 

control. (4) The original data and the corresponding format file were downloadable. (5) 

The sample size was bigger than 10. Depending on the number of datasets that satisfied 

the above criteria the data was included for the mega-analysis. 

 

2.1-c) Meta-Analysis Models 

For each gene, the meta-analysis estimates the effect size in terms of gene 

expression log2 fold-change (LFC). Results from using both the random-effects model 

and fixed-effect model were compared following the statistics estimation used 

by Borenstein et al. (2010). To determine the heterogeneity of the datasets, between- and 

within-study variance was calculated and compared. When the total variance (Cochranôs 

Q statistic) was no bigger than the expected value of the between-study variances (df), 

the model sets the ISq (percentage of the within- over between-study variance) to zero. In 

this case, the fixed-effect model, instead of the random-effects model, will be selected for 

the meta-analysis. The definition of Cochranôs Q statistic, df, and ISq was provided in 
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Eq. (1) to (3) (Borenstein et al., 2010). All analyses were performed using Matlab 

(R2017a version). 

Equation (1)  Cochranôs Q Statistic 
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Where Ti is the deviation of each study, Wi is the inverse variance of each study, and k is 

the total number of studies. 

Equation (2) Degrees of freedom 
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Where k is the total number of studies. 

Equation (3)  Between Study Variances 
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Where Q is the total variance defined by Equation (1), and df is the degree of freedom 

defined in Equation (2). 

 

2.1-d) Analysis of Influential Factors Using Multiple Linear Regression 

To estimate the possible influence of several factors (e.g., study date, country of 

origin, and sample size) on the gene expression in samples, a multiple linear regression 

(MLR) analysis has been conducted and the P-values are reported for each of these 

factors. 
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2.2 P-VALUES COMPUTED WITH PERMUTATION IMPORTANCE  

The following section of the materials and methods is from the manuscript: 

ñPermutation importance: a corrected feature importance measureò by Altman et al. [3]. 

Assume an algorithm that assesses the relevance of a set of features concerning a 

dependent variable. The PIMP algorithm [3] permutes the dependent variable several 

times. For each permutation of the dependent variable, the relevance for all predictor 

variables is calculated. This leads to a vector of several importance measures for every 

independent variable, which authors call the ñnull importancesò. The PIMP algorithm fits 

a probability distribution to the population of null importances, which the user can choose 

from the following: Gaussian, lognormal, or gamma. Maximum likelihood estimators of 

the parameters of the selected distribution are computed. Given the fitted distribution, the 

probability of observing a relevance of v or higher using the actual dependent variable 

can be calculated (PIMP P-value). Suppose the user does not know which distribution is 

most suitable for their problem. In that case, the PIMP algorithm automatically uses 

KolmogorovïSmirnov (KS) tests to identify the most appropriate distribution. However, 

if the tests show little resemblance to any of the three proposed distributions, a non-

parametric estimation of the PIMP P-values is used simply by determining the fraction of 

null importances that are more extreme than the true importance v. 

In practical applications, the variance of the null importances may be minimal 

and, therefore, minor deviations from the mean lead to artificially boosted PIMP P-
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values. Authors applied a simple heuristic to prevent this artifact: smaller variances than 

the mean-variance of all importances are set to the mean-variance. 

Permuting the dependent variable has several advantages claimed by the authors. 

First, the dependence between dependent variable remains unchanged. Second, the 

number of permutations (s) can be much smaller than the number of predictor variables 

(p). Third, the approach is general, and it can be used together with any method that 

generates measures for feature importance [3] (biased or unbiased). This study 

demonstrates that PIMP is effective if used with the two mentioned approaches for 

determining feature importance: Gini Index of Random Forests and Mutual Information 

of predictor variables and the response variable. 

The pseudocode and description of the algorithm can be found in Figure II.1 
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Figure II .1 The PIMP algorithm pseudocode as described in the Altman et al. [3]  

 

 

One problem with the PIMP algorithm is observed when the data is imbalanced. 

Luckily, this can be accommodated by the sampling frequency of bootstrapping while 

creating RF trees. Lightgbm library or light gradient boosting can be run in random-forest 

mode, which is faster than python sklearn and r libraries. The four additional parameters 

can be used for sampling between case/control events with the following: 
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'neg_bagging_fraction', 'pos_bagging_fraction', 'bagging_fraction' and 'bagging_freq'. In 

my experiments, accounting for imbalanced data while running the PIMP algorithm for 

feature selection resulted in much more effective feature selection. 

Another consideration to be made is the number of repeated experiments. There 

are diminishing returns for using too many repeats for the PIMP algorithm. This 

limitation probably comes from the nature of p-value calculations. P-values by design are 

not a measure of intensity and an experiment can yield a very low p-value due to the 

number of repeated experiments that follow the same trend. Based on conducted 

experiments for Brain Cancer survival status biomarker identification challenge, a 

thousand repeated experiments resulted in less effective identification of biomarkers than 

a hundred repeats. 

The code used for the PIMP algorithm can be found in the Appendix section. The 

code was repurposed and improved from the work of a grandmaster Kaggle user 

ogrellier, Olivier Grellier  from the following notebook: 

https://www.kaggle.com/code/ogrellier/feature-selection-with-null-importances. 

The final improvement made is for the collection and calculation of null 

importances. The improvements made for this part reduced the runtime of null 

importance calculation from 15 minutes to 45 seconds for ~20000 features. 

 

 

 

 

https://www.kaggle.com/code/ogrellier/feature-selection-with-null-importances
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2.3 MACHINE LEARNING ENSEMBLES FOR FEATURE SELECTION  

Different machine learning algorithms and statistical tests can be used together to 

see which features were more potent than the rest of the available information content. To 

achieve this, six different statistical tests and machine learning algorithms have been 

utilized for finding potent features.    

These tests include: 

1-) Chi-squared analysis [4].  

2-) Correlation analysis. (Either Spearman, Wilcoxon or Pearson tests, depending 

on the properties of the available data) 

3-) Recursive feature elimination using Logistic Regression. [5,6,7,8,9] (Wrapper 

method) 

4-) Hyperparameter tuned Logistic regression analysis. [5,6,7,8,10,11] 

(Embedded method) 

5-) Hyperparameter tuned random forest classifier. [11,12] (Embedded method) 

6-) Hyperparameter tuned LGBM classifier. [11,13] (Embedded method)  

In the final step, the dataset can be reduced to the established features based on 

the degree of agreement between the conducted tests and inserted into a Hyperparameter 

Tuned eXtreme Gradient Boosting (XGBoost[14]) algorithm. The mean and standard 

deviation of success metrics for gradually potent features are reported in Area under the 

ROC Curve (AUC). A 10-fold, stratified-k-fold validation method was used for model 

training and validation to compare the most useful features when used for model training 

together. 
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2.3-a) Chi-Squared Analysis 

The Chi-square test [4] is one of the most valuable statistics for testing hypotheses 

when the variables are nominal. It can provide information on the significance of any 

observed differences and which categories account for these differences. As with any 

statistical test, there are requirements for its appropriate use, namely, ñassumptionsò. Chi-

square is a non-parametric statistic, or a distribution-free test and should be used when 

any of the following conditions pertain to the data:  

1. The level of measurement of all the variables is nominal or ordinal.  

2. The sample sizes of the study groups are unequal; for the ɢ2, the groups may be 

of equal size or unequal size, whereas some parametric tests require groups of equal or 

approximately similar size.  

3. The original data were measured at an interval or ratio level but violated one of 

the assumptions of a parametric test: 

a) The data distribution was seriously skewed or kurtotic (parametric tests assume 

Gaussian distribution of the dependent variable). Thus, the researcher must use a 

distribution-free statistic rather than a parametric statistic.  

b) The data violates the assumptions of equal variance or homoscedasticity.  

c) For several reasons, the continuous data were collapsed into a small number of 

categories, and thus the data are no longer interval or ratio. 
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Equation (4) Chi-Squared Equation 

ʔς В
ɀ

    

Oi = observed value (actual value) and 

Ei = expected value. 

 

Whenever possible, before chi squared test is used, utilizing min-max scaling is a good 

practice for obtaining better results. Data scaling and imputation of missing variables are 

necessary to use this method effectively. 

 

 

2.3-b) Pearson Correlation Analysis 

In very broad terms, correlation is any statistical relationship between random 

variables in two-dimensional data, whether causal or not. The Pearson correlation 

coefficient is a statistic that measures the linear correlation between two variables. The 

Pearson correlation can only evaluate a linear relationship, assuming that there is a 

proportional relationship of changes between two measured variables. 

 

Equation (5)  Pearson Correlation Coefficient 

ʍὼȟώ ɫ ØÉɀØȇɕÙÉɀÙȇȾ„ὼz„ώ 

xↄ = Mean of x variable 

ὂ = Mean of y variable 

= standard deviation 
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Depending on the state of the data, a scientist can impute missing variables with 

mean, median or other statistically sound methods before using correlation methods. Data 

scaling is not necessary in this step. 

 

2.3-c) Wrapper Methods and Recursive Feature Elimination 

Wrapper methods use an objective function to embed the model hypothesis search 

within the feature subspace. In this setting, various subsets of features are generated and 

evaluated. Specific subsets of features are used when training and testing a particular 

classification model iteratively [6]. A search algorithm is ówrappedô around the 

classification model to search the space of possible feature subsets.  

Advantages of wrapper approaches include the interaction between feature subset 

search and model selection and the ability to consider feature dependencies [7,8]. A 

common shortcoming of these techniques is that they have higher risk of overfitting than 

filtering techniques and are computationally expensive, especially if building the 

classifier has a high computational cost. Another limitation is that the user needs to 

specify how many features they want to select, resulting in an inefficient number (over or 

under) of features to create a successful classifier. 

Recursive Feature Elimination (RFE) [9] searches for a subset of features by 

starting with all available features in the dataset and iteratively removing elements until 

the desired number of components remains. The selected machine learning algorithm is 

used in the model's core to rank features by importance, eliminate the useless features, 
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and re-fit the model. In short, this means that the better the algorithm paired with RFE, 

the better the selection of features. In this case, I have used Logistic regression with both 

wrapper and embedded methods to select features. 

 

2.3-d) Embedded Methods and Logistic Regression 

One of the most significant differences between embedded and wrapper methods 

is that the embedded methods are much less computationally demanding (depending on 

the algorithm) than the wrapper feature selection methods. As the name implies, the 

feature selection method is embedded in the generated classifier. This approach comes 

with disadvantages since imperfect classifiers will probably not be as efficient at 

selecting potent features as the good ones. Therefore, this step needs to utilize 

hyperparameter tuning and model optimizations or models with the highest performance 

metrics based on the selected algorithm. 

In traditional linear regression analysis, the response variable must be a numeric 

variable. On the other hand, Logistic regression [5] is designed for studies in which the 

response variable is a binary variable with two possible values. The method uses a 

logistic function to model the binary output variable and does not require a linear 

relationship between inputs and output variables. This is due to applying a nonlinear log 

transformation to the odds ratio. The optimization criterion in logistic regression is 

maximum likelihood. Instead of minimizing the average loss, the likelihood is maximized 

according to the training data used in each model. 
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Equation (6)  Logistic (Sigmoid) Function Equation 

 

  ◐ Ⱦ ▄●  

 

 

Like linear regression, logistic regression produces a model of the relationship 

between multiple variables that can be used for finding important features in embedded 

[5,6,7.8] methods. 

 

2.3-e) Random Forests 

Random Forests are a type of decision tree algorithm that is an ensemble learning 

method utilizing bootstrapping and bagging concepts to create effective classifiers 

[11,12]. They calculate Gini gain or mutual information to construct a collection of 

decision trees with controlled variance. While using decision trees, missing variables 

need to be imputed, but there is no need for scaling the features. 

 

2.3-f) Light Gradient Boosting 

LightGBM is a Gradient Boosting Decision Tree algorithm that proposes two 

novel techniques: Gradient-based One-Side Sampling and Exclusive Feature Bundling to 

deal with large numbers of data instances and high number of features even if they are 

sparse or not [11,13]. A hyperparameter-tuned lightgbm is a valid choice for embedded 

feature selection, combined with selected techniques. Another positive side is that the 

lightgbm algorithm doesnôt require feature scaling or imputation of missing variables. 
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2.4 PATHWAY ANALYSIS USING PROTEIN -PROTEIN INTERACTIONS AND 

HETEROGENEOUS NETWORKS 

Pathway Analysis is a complementary analysis that associates the statistically 

significant biomarkers to biological events. In the earlier parts of this dissertation, an 

argument was made that using only the list of statistically significant biomarkers might 

not be enough to give underlying events in the case where protein structures are changing 

due to misfolding (due to structural variations or SNPs), ineffective post-translational 

modifications (mutations before or after post-translational modification sites) or 

concentrations (differential gene expression). Until very recently, scientists did not have 

much data on genome-wide protein-protein interaction networks, which limited our 

ability to do pathway analysis based on the PPI networks. Interactome plays an essential 

role in regulating and guiding every process, including cell survival, differentiation, 

growth, and replication. 

Luckily, public databases like BIOGRID [15] and STRING [16] archive the 

experimental evidence of human Protein-protein interactions. There are also predictive 

interaction databases like IntAct [17] for the proteins that are less studied than the more 

common genes. Many of the pathways, biological processes, molecular functions, and 

cellular component associations between genes can be obtained from PID [18] or Gene 

Ontology [19] databases. One big hurdle is to combine these databases to create 

heterogeneous networks, which has been attempted by scholars like Himmelstein et al. 

[20] with Hetionet. 
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In the following pages, I will describe how I utilized the Hetionet, updated and 

maintained it with new information obtained after 2016, and do the PPI pathway analysis 

by creating and connecting new diseases with important biomarkers identified by ML or 

mega analysis. 

 

2.4-a) Degree Weighted Path Counts, Hetionet and Pathway Analysis 

The authors of the Hetionet have come up with DWPC [21] in their earlier work, 

which individually down weights each path between a source and target node. Each path 

receives a path-degree product (PDP) calculated by:  

1) extracting all metaedge-specific degrees along the path (Dpath), where each 

edge composing the path contributes two degrees.  

2) raising each degree to the īw power, where w Ó 0 and is called the damping 

exponent.  

3) multiplying all exponentiated degrees to yield the PDP. 

The method described is used for constructing cypher queries and rank ordering 

results obtained for pathway analysis. 

 

2.4-b) Entity Creation, Connecting Nodes with Relationships and Cypher Queries 

for Pathway Analysis 

The pathway analysis's first step is to register an entity and make connections to 

other nodes. This initial node can be a gene or a disease for our purposes, or a syndrome. 
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The idea is to connect a biological event to the other nodes so that we can query the 

database and ask questions about the network. The following query does precisely this: 

 

MERGE (d:Disease {name: "Entity name"});  

 

After the node is created, we can start building relationships using the existing 

genes so that new entities do not get recreated each time we create connections between 

other entities. 

 

MATCH (d:Disease), (m:Gene) WHERE d.name = "Disease name" AND m.name 

= "gene name" CREATE (d)-[:ASSOCIATES_DaG]->(m); 

 

The relationship type is up to the user to specify, but one thing to keep in mind is 

that when the pathway analysis is done, the users must specify the relationship type. 

Otherwise, the querying system will do pathway analysis on multiple relationship types. 

This is not a problem between genes since when we talk about PPIs, and we want to 

include regulation, co-expression, and interactions. The above query can be run as many 

times as needed, depending on the significant relationships we want to add to the 

database. For our purposes, we use PARTICIPATES_GpPW, PARTICIPATES_GpBP, 

PARTICIPATES_GpMF, PARTICIPATES_GpCC relationships to construct 
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queries.PW, BP, MF, and CC correspond to pathway, biological process, molecular 

function, and cellular components. 

 

2.4-c) Pathway Analysis and Fine Tuning the Results Using Cypher Queries. 

 Once the entities and the respective connections are created, the network 

can be queried in many different ways. One such query can be found below: 

1.  MATCH path  = (n0:Disease) - [e1:ASSOCIATES_DaG]- (n1) - [:INTERACTS_GiG]- (n2) -
[:PARTICIPATES_GpPW]- (n3:Pathway)  

2.  WHERE n0.name = 'Brain  Cancer 169'  
3.  WITH 
4.  [  
5.  size((n0) - [:ASSOCIATES_DaG]- ()),  
6.  size(() - [:ASSOCIATES_DaG]- (n1)),  
7.  size((n1) - [:INTERACTS_GiG]- ()),  
8.  size(() - [:INTERACTS_GiG]- (n2)),  
9.  size((n2) - [:PARTICIPATES_GpPW]- ()),  
10.  size(() - [: PARTICIPATES_GpPW]- (n3))  
11.  ]  AS degrees,  path,  n3 as target  
12.  WITH 
13.  target.identifier  AS go_id,  
14.  target.name  AS go_name, 
15.  count(path)  AS PC, 
16.  sum( reduce (pdp  = 1.0 ,  d in  degrees|  pdp *  d ^ - 0.4 ))  AS DWPC, 
17.  size((target) - [:PARTICIPATES_GpPW]- ())  AS n_genes 
18.  WHERE 5 <= n_genes <= 100 AND PC >= 2 
19.  RETURN 
20.  go_id,  go_name, PC, DWPC, n_genes 
21.  ORDER BY DWPC DESC 
22.  LIMIT  100 

 

The following query investigates the most significant 169 genes found to be 

crucial with p-values computed with the permutation importance method for patient 

survival status. It starts with a disease we registered to the database, then all the genes we 

found significant for the outcome. In the next step, it extends the path to the downstream 
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genes and connects these genes to a pathway. Furthermore, the query can be tweaked to 

return smaller networks depending on n_genes or high connectivity based on PC. (Path 

counts). The DWPC metric proposed by Himmelstein et al [20]. is a metric that calculates 

the significance of the pathways returned in the queries. Another metric that might be 

useful is (PC/n_genes) since we assume that the most significant networks are probably 

the ones with the highest number of PC and smallest number of n_genes(Suggesting the 

most connective network). Finally, we can order the results by whichever metric we 

chose and limit the displayed outputs by a given number. 
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Abstract 

Activation of PPARD has been shown to inhibit depressive behaviors and 

enhances neurogenesis. However, whether PPARD is involved in the pathological 

development of major depressive disorder (MDD) is largely unknown. To explore the 

potential connection between PPARD and MDD, we first conducted a literature-based 

data mining to construct a PPARD-driven MDD regulating network. Then, we tested the 

PPARD expression changes in MDD patients from 18 independent MDD RNA 

expression datasets, followed by co-expression analysis, multiple linear regression 

analysis, and a heterogeneity analysis to study the influential factors for PPARD 

expression levels. Our results showed that overexpression of PPARD could inhibit 

inflammatory cytokine signaling pathways and the ROS and glutamate pathways that 

have been shown to play important roles in the pathological development of MDD. 

However, PPARD could also activate nitric oxide formation and ceramide synthesis, 
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which was implicated as promoters in the pathogenesis of MDD, indicating the 

complexity of the relationship between PPARD and MDD. PPARG presented significant 

within- and between-study variations in the 18 MDD datasets (value = 0.97), which were 

significantly associated with the population region (country) and sample source (). Our 

results suggested that PPARD could be a potential regulator rather than a biomarker in 

the pathological development of MDD. This study may add new insights into the 

understanding of the PPARD-MDD relationship. 
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3.1 INTRODUCT ION 

Major depressive disorder (MDD), also known as depression, is a mental disorder 

characterized by at least two weeks of pervasive low mood. The leading cause of MDD is 

believed to be a combination of genetic and environmental factors [1ï7], with about 40% 

of the risk related to genetics [4]. 

Peroxisome proliferator-activated receptor beta/delta (PPARD) is one of the three 

known PPARs (the others are PPARŬ and PPARɔ), which are part of the nuclear receptor 

superfamily of transcription factors. PPARD governs diverse biological processes [8] and 

shows a widespread brain expression, with particularly high levels in the hippocampus, 

entorhinal cortex, and hypothalamus [9, 10]. 

Several previous studies show that PPARD might be involved in depression 

occurrences [11, 12]. Specifically, the hippocampal genetic knockdown of PPARD has 

been shown to cause depression-like behaviors and neurogenesis suppression [12], 

suggesting that PPARD plays a crucial role in neurogenesis and regulates both depression 

and memory. Moreover, hippocampal PPARD overexpression or activation inhibits 

stress-induced depressive behaviors and enhances neurogenesis [11]. However, so far, 

whether PPARD is involved in MDD and its related underlying mechanism is largely 

unknown. 

Here, researchers hypothesized that PPARD could play a role in the pathological 

development of MDD. Results supported this hypothesis and indicated that deficiency of 

PPARD might be involved in the pathogenesis of MDD by regulating cytokine-related 

signaling pathways. However, results also demonstrate the variation of PPARD 
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expressions in the cases of MDD, which may be influenced by multiple factors, including 

sample postulation regions. This study might add new insights into the understanding of 

the roles that PPARD plays in MDD. 

 

3.2 METHODS 

The rest of this study is organized as follows. First, we conducted a systematic 

literature-based network analysis to explore the possible relationship between PPARD 

and MDD. Then, we analyzed the expression of PPARD in 18 public human RNA array-

expression datasets linked with MDD diagnosis. After that, we employed multiple linear 

regression analysis to study the potential, influential factors of PPARD expression in the 

cases of MDD. To facilitate the understanding of the results presented, we provided 

additional supporting data and information in a supplementary material named 

PPARD_MDD. 

 

3.2-a) Literature -Based Pathway Analysis 

Assisted by Pathway Studio (PS) (http://www.pathwaystudio.com; version 

12.3.0.16), we conducted a systematical pathway analysis to uncover PPARD-driven 

MDD regulators at different levels, including proteins, small molecules, complexes, and 

functional classes. Owned by Elsevier Inc., the PS database ResNet [13] contains 

functional relationships and pathways of mammalian proteins, including human, mouse, 

http://www.pathwaystudio.com/
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and rat genes. The database covers over 24 million PubMed abstracts and 3.5 million 

Elsevier and 3rd part full-text papers. 

The MDD regulators were identified by using the Shortest Path Module within 

Pathway Studio 

(https://supportcontent.elsevier.com/Support%20Hub/Pathway%20Studio/Guide%20to%

20Building%20Pathways%20in%20Mammal%20with%20Pathway%20Studio%20Web.

pdf). The sentences from each supporting reference were manually checked for quality 

control. Following the same process, the items influenced by PPARD were also 

identified, with the overlapped items used to build the PPARD-driven MDD regulating 

network. 

The following criteria were applied for the selection of the PPARD-driven MDD 

regulators. (1) The direction is from PPARD to MDD. (2) Each relationship (network 

edge) has a signed polarity (positive or negative effect). (3) The quality control of each 

relationship (network edge) was conducted through manual inspection of the supporting 

references. (4) The type of regulators includes genes (proteins), functional class, and 

small molecules. For a relationship with more than 10 supporting references, we 

inspected the first 10 references. The relationships that passed the filtering criteria were 

employed to construct the PPARD-driven signaling pathways that may affect roles in the 

pathology of MDD. We provided the details of these identified relationships and the 

underlying supporting references in Ref4Pathway in the Supplementary Materials, 

including the reference title and the sentences where a relationship has been identified. 

 

https://supportcontent.elsevier.com/Support%20Hub/Pathway%20Studio/Guide%20to%20Building%20Pathways%20in%20Mammal%20with%20Pathway%20Studio%20Web.pdf
https://supportcontent.elsevier.com/Support%20Hub/Pathway%20Studio/Guide%20to%20Building%20Pathways%20in%20Mammal%20with%20Pathway%20Studio%20Web.pdf
https://supportcontent.elsevier.com/Support%20Hub/Pathway%20Studio/Guide%20to%20Building%20Pathways%20in%20Mammal%20with%20Pathway%20Studio%20Web.pdf
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3.2-b) MDD RNA Expression Data Acquisition 

To explore the quantitative change of PPARD in MDD patients and test whether 

PPARD could work as a biomarker for MDD, we conducted an MDD RNA expression 

data-based analysis on PPARD expression. We acquired MDD RNA array-expression 

datasets from GEO (https://www.ncbi.nlm.nih.gov/geo/). Initially, we searched with the 

keyword ñmajor depressive disorderò and identified 317 studies with series data. Then, 

the following criteria were applied to fulfill the purpose of this study, including the 

following: 

(1) The data type was RNA expression by array  

(2) The organism of datasets was Homo sapiens  

(3) The study design was MDD vs. healthy control  

(4) The total number of samples was not less than 10  

(5) The dataset and corresponding format files were feasibly available and 

downloadable. 

There were 18 datasets that satisfied the selection criteria and were included for 

expression analysis. We provided the information employed in this study of these 

datasets in Table III.1, and the GEOID can be used to retrieve the detailed description of 

each dataset at https://www.ncbi.nlm.nih.gov/geo/. 

 

 

 

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/


38 

 

Table III .1 PPARD Datasets obtained from GEO 

Dataset 

GEOID 

Data 

contributor

s 

#Control 

/Cases 

Country Study 

age 

Platform Sample 

source 

Sample 

organism 

GSE12654 Iwamoto et 

al., 2008 

15/11 Japan 13 GPL8300 Brodmann 

area 

Homo 

sapiens 

GSE32280 Yi et al., 

2012 

16-Aug China 9 GPL570 Blood Homo 

sapiens 

GSE44593 Sibille et 

al., 2016 

14/14 USA 5 GPL570 Amygdala Homo 

sapiens 

GSE53987 Lanz et al., 

2014 

18/16 USA 7 GPL570 Multiple 

brain region 

Homo 

sapiens 

GSE54562 Sibille et 

al., 2014 

10-Oct USA 7 GPL6947 Anterior 

cingulate 

cortex 

Homo 

sapiens 

GSE54563 Sibille et 

al., 2014 

25/25 USA 7 GPL6947 Anterior 

cingulate 

cortex 

Homo 

sapiens 

GSE54564 Sibille et 

al., 2014 

21/21 USA 7 GPL6947 Amygdala Homo 

sapiens 

GSE54565 Sibille et 

al., 2014 

16/16 USA 7 GPL570 Anterior 

cingulate 

cortex 

Homo 

sapiens 

GSE54566 Sibille et 

al., 2014 

14/14 USA 7 GPL570 Amygdala Homo 

sapiens 

GSE54567 Sibille et 

al., 2014 

14/14 USA 7 GPL570 Dorsolatera

l prefrontal 

cortex 

Homo 

sapiens 

GSE54568 Sibille et 

al., 2014 

15/15 USA 7 GPL570 Dorsolatera

l prefrontal 

cortex 

Homo 

sapiens 

GSE54570 Sibille et 

al., 2014 

13/13 USA 7 GPL96 Dorsolatera

l prefrontal 

cortex 

Homo 

sapiens 

GSE54571 Sibille et 

al., 2014 

13/13 USA 7 GPL570 Anterior 

cingulate 

cortex 

Homo 

sapiens 

GSE54572 Sibille et 

al., 2014 

12-Dec USA 7 GPL570 Anterior 

cingulate 

cortex 

Homo 

sapiens 

GSE54575 Sibille et 

al., 2014 

12-Dec USA 7 GPL96 Orbital 

ventral 

prefrontal 

cortex 

Homo 

sapiens 

GSE92538 Hagenauer 

et al., 2016 

56/29 USA 5 GPL1052

6 

DLPFC Homo 

sapiens 

GSE98793 Kelly et al., 64/128 UK 4 GPL570 Blood Homo 
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2017 sapiens 

GSE11485

2 

Breen et 

al., 2018 

85/31 USA 3 GPL1055

8 

Blood Homo 

sapiens 

 

 

3.2-c) Expression of PPARD in MDD RNA Expression Datasets 

In this study, the expression for PPARD was estimated for each of the 18 datasets 

listed in Table III.1. Specifically, we first calculated the fold change that was defined as 

the ratio between the mean expression of MDD cases and that of healthy controls. Then, 

the log2-transferred fold change (LFC) was used as effect size, such that fold changes 

lower than one become negative, while those greater than one become positive. The 

significance criteria were set as abs (LFC) Ó 1 and p < 0.05. 

 

3.2-d) Coexpression Analysis 

Using the 18 MDD RNA expression datasets, we also studied the coexpression 

between PPARD and its driven genes regulating MDD. The purpose of the coexpression 

analysis was to validate the relationships between PPARD and its driven genes at the 

gene expression level. In the datasets where PPARD showed a small effect size (LFC Ứ [-

0.3,0.3]), we assumed that PPARD exerted no influence on its driven genes. Thus, the 

analysis only focused on PPARD with significant changes. 
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3.2-e) Heterogeneity Analysis of PPARD Expression 

A heterogeneity analysis was conducted to study the variance within and between 

different studies [14] to determine if there was a significant between-study variance 

compared with within-study variance. The analysis was conducted by using MATLAB 

(R2017a) with the results presented in ExpressionOfPPARD in the Supplementary 

Materials. 

 

3.2-f) Pathway Analysis Using Protein-Protein Interactions of PPARD 

The methods described in Chapter 2.4 have been applied to the specific case. 

Instead of building the queries around a disease, PPARD became the starting point for 

building PPI networks after the following query: 

1.  MATCH path  =(n1) - [:INTERACTS_GiG]- (n2) - [:PARTICIPATES_GpPW]- (n3:Pathway)  
2.  WHERE n1.name = 'PPARD' 
3.  WITH 
4.  [  
5.  size((n1) - [:INTERACTS_GiG]- ()),  
6.  size(() - [:INTERACTS_GiG]- (n2)),  
7.  size((n2) - [:PARTICIPATES_GpPW]- ()),  
8.  size(() - [:PARTICIPATES_GpPW]- (n3))  
9.  ]  AS degrees,  path,  n3 as target  
10.  WITH 
11.  target.identifier  AS go_id,  
12.  target.name  AS go_name, 
13.  count(path)  AS PC, 
14.  sum( reduce (pdp  = 1.0 ,  d in  degrees|  pdp *  d ^ - 0.4 ))  AS DWPC, 
15.  size((target) - [:PARTICIPATES_GpPW]- ())  AS n_genes 
16.  WHERE 5 <= n_genes <= 100 AND PC >= 2 
17.  RETURN 
18.  go_id,  go_name, PC, DWPC, n_genes 
19.  ORDER BY DWPC DESC 
20.  LIMIT  100 
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The same query was modified for finding the rest of the essential go terms. 

(Biological processes, cellular components, and molecular functions) Only the top 100 

most significant terms are returned ordered by DWPC metric.  
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3.3. RESULTS 

3.3-a) PPARD-Driven Network 

Literature-based network analysis revealed nine entities regulated by PPARD that 

were also upstream regulators of MDD, as shown in Figure III.1. Among these entities, 

increased PPARD could exert a major positive influence on MDD by upregulation of one 

MDD inhibitors (tetrahydrobiopterin) and downregulation of 6 MDD promoters, 

including two cytokine genes (IL6 and TNF), two small molecules (ROS and glutamate), 

and the two functional classes (cytokine and inflammatory cytokine). These MDD 

regulators were highlighted in green in Figure III.1. However, PPARD may also activate 

nitric oxide production (NO) and ceramide, two promoters of MDD (highlighted in red in 

Figure III.1). Overall, these literature data mining-based relationships suggested that the 

deficiency of PPARD might facilitate the development of MDD by activating cytokine 

classes and promoting the secretion of reactive oxygen species (ROS) and glutamate. The 

pathways presented in Figure III.1 were based on over 300 independent studies. The 

reference information was provided in Ref4Pathway in the Supplementary Materials. To 

note, over 400 references were listed as some references support multiple relationships. 
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Figure III .1: PPARD-driven pathways involved in the pathology of MDD. The pathway was 

built through Pathway Studio-assisted literature data mining, supported by over 400 references. 

The items highlighted in green are the ones that were driven by PPARD to suppress the 

development of MDD, and the red ones were regulated by PPARD to promote MDD 

development. 

 

Specifically, there were about 250 studies (references) supporting the 

PPARD Ÿ cytokine genes Ÿ MDD pathways. In vitro cell line expression studies of both 

human and animal models showed that PPARD reduces the expression and secretion of 

cytokines, including inflammatory cytokines and proinflammatory cytokines. While 

clinical studies and animal models showed that cytokines could induce sickness behavior 

with depression-like symptoms, contribute to cognitive decline, and induce MDD. 
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Therefore, inhibition of cytokines by PPARD supports the suppression role of PPARD in 

the pathological development of MDD. 

Moreover, there were 54 references that support the PPARD Ÿ ROS Ÿ MDD 

pathway. In vitro human cell line studies showed that activation of PPARD reduces 

radiation and angiotensin II-induced ROS generation by modulating the expression of 

SIRT1. And ROS have been suggested to play an important role in the pathogenesis of 

MDD in clinical studies and animal models. 

In addition, 94 references support the PPARD Ÿ glutamate Ÿ MDD pathway. 

Both in vitro and human studies show that heightened glutamate plays an important role 

in the pathophysiology of MDD. In vitro cell line and animal studies showed that 

activation of PPARD inhibits glutamate release. 

There were also two studies that suggested a 

PPARD Ÿ tetrahydrobiopterin Ÿ MDD pathway. Tetrahydrobiopterin has been reported 

to improve clinical depression by increasing TH activity. Activation of PPARD enhances 

the regenerative capacity of human endothelial progenitor cells by stimulating the 

biosynthesis of tetrahydrobiopterin. 

On the other hand, there were 22 studies (references) that support the 

PPARD Ÿ NO Ÿ MDD relationship, and nine studies (references) support the 

PPARD Ÿ ceramide Ÿ MDD relationship. These studies suggested that increased 

PPARD could increase the production of NO and ceramide in the plasma of the human 

body. In clinical studies and animal model studies, increased production of NO and 

ceramide has been shown to promote the development of neuroinflammation-associated 
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disorders, including MDD. Therefore, increased PPARD may have the promotion effect 

on MDD through the activation of NO and ceramide. 

 

3.3-b) Expression Variation of PPARD in 18 MDD Expression Datasets 

To explore the expression changes of PPARD in the cases of MDD, we calculated 

the LFC of PPARD in the MDD patients compared to healthy controls using 18 different 

RNA expression datasets, as shown in Figure III.1. The expression of PPARD 

demonstrated varies among different studies, ranging from -0.38 to 0.61 (LFC = 0.013 ± 

0.19). Among these datasets, seven presented mild decreased expression (LFC= -0.13 ± 

0.11). The majority of datasets (10 out of 18) showed increased expression of PPARD in 

MDD patients compared to healthy controls (LFC = 0.13 ± 0.17). However, none of these 

changes was identified as significant. The datasets were collected from four different 

countries, eight different sample sources, and six different platforms, which may well 

represent different cases of MDD. Our results suggested that PPARD might not present 

significant changes among MDD patients. For more details of the PPAR expression data 

analysis, please refer to ExpressionOfPPARD in the Supplementary Materials. 
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Figure III .2: Expression of PPARD in 18 MDD RNA expression datasets: (a) the expression by 

datasets; (b) the expression by country; (c) the expression by sample source. 

 

3.3-c) Coexpression Analysis 

For the datasets that showed the lowest PPARD expression levels (GSE32280: 

LFC = -0.38) and highest expression levels (GSE12654: LFC=0.60), PPARD 
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demonstrated a significant negative correlation with IL6 (Fisher Z transferred Pearson r= 

-0.41 ; p= 0.030) and TNF (Fisher Z transferred Pearson r= -0.38; p=0.035). These results 

indicated that when PPARD expression got activated, TNF expression was inhibited, 

helping the suppression of MDD. On the other hand, when PPARD was downregulated, 

IL6 presented overexpression, promoting the development of MDD. We assumed that, 

when PPARD showed small expression changes (LFC Ứ (-0.3,0.3)), it had limited 

influence on either TNF or IL6. Thus, coexpression analysis was not effective in 

evaluating the relation between PPARD and these two genes. We provided the results in 

ExpressionOfPPARD in the Supplementary Materials. Our results support the 

PPARD Ÿ TNF and PPARDỄ IL6 regulation identified in Figure III.1. 

 

3.3-d) Multiple Linear Regression Analysis Results 

MLR results showed that out of the five factors tested, only the population region 

(country) and sample source were significant influential factors (p= 4.47E -07 and p= 

2.67E -05, respectively) for PPARD expression in MDD patients, as shown in 

Figure III. 3. However, the other three factors, namely, sample size, study age, and 

platform, were not significant factors for the expression of PPARD in the case of MDD 

(p > 0.15). For the details of MLR results, please refer to MLR_Results in the 

Supplementary Materials. 
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Figure III .3: Multiple linear regression analysis results for the influential factors of PPARD 

expression in the cases of major depressive disorder: (a) results for population regions (country); 

(b) results for sample source. 
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3.3-e) Heterogeneity Analysis 

The heterogeneity analysis was employed to test whether the total variance 

mainly resulted from between-study variance or from both within- and between-study 

variance. The analysis results showed that the total variance among different studies was 

7.9, which was smaller than the expected variance (17) given that all studies have the 

same actual effect. Our results indicated that the between-study variance was not the 

primary source contributing to total variance among these studies (p value = 0.96). In 

other words, there were significant within-study variances among these datasets, as 

shown in Figure III. 4. To note, the dataset GSE12654 that presented the highest averaged 

expression levels (LFC=0.60) also demonstrated the most significant within-study 

variance (STD=1.63). For more details of these results, please refer to 

ExpressionOfPPARD in the Supplementary Materials. Our results indicated that the 

variation might partially cause the overall nonobvious expression changes of PPARD in 

MDD patients among samples within each study. 
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Figure III .4: Error bar plot of the within-study variance of the PPARD expression among 18 

major dispersive disorder RNA expression datasets. 

 

3.3-f) Protein-Protein Interaction Pathway Analysis with Heterogeneous Networks 

The results obtained for different gene ontology and pathways are combined and 

shown in a table. Only the query results with the highest 100 DWPC scores were 

displayed in Table III.2. 

 

Table III .2 PPARD Protein-Protein Interaction Network and Possible Changes in Biological 

Processes 

ID Process Name PC DWPC n_genes Change  

"GO:0070628" "proteasome binding" 2 0.032 16 MF 

"PC7_6946" "Retinoic acid receptors-mediated 

signaling" 

11 0.025 30 PW 

"PC7_6828" "RXR and RAR heterodimerization 

with other nuclear receptor" 

7 0.024 26 PW 

"GO:0000118" "histone deacetylase complex" 8 0.023 59 CC 

"GO:0070552" "BRISC complex" 2 0.020 5 CC 

"GO:0016922" "ligand-dependent nuclear receptor 

binding" 

7 0.020 23 MF 

"PC7_5989" "Nuclear Receptor transcription 

pathway" 

6 0.019 51 PW 
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"GO:0017053" "transcriptional repressor complex" 7 0.019 73 CC 

"PC7_3083" "Detoxification of Reactive Oxygen 

Species" 

2 0.019 27 PW 

"GO:0051920" "peroxiredoxin activity" 2 0.018 7 MF 

"GO:0046965" "retinoid X receptor binding" 6 0.018 17 MF 

"WP170_r71083" "Nuclear Receptors" 5 0.018 38 PW 

"PC7_6876" "Regulation of Androgen receptor 

activity" 

11 0.017 53 PW 

"PC7_8675" "Validated nuclear estrogen 

receptor alpha network" 

10 0.016 64 PW 

"PC7_5983" "Notch-mediated HES/HEY 

network" 

8 0.016 47 PW 

"GO:0042974" "retinoic acid receptor binding" 8 0.015 46 MF 

"GO:0003708" "retinoic acid receptor activity" 3 0.015 7 MF 

"WP241_r83818" "One Carbon Metabolism" 2 0.015 28 PW 

"GO:0016742" "hydroxymethyl-, formyl- and 

related transferase activity" 

2 0.015 8 MF 

"WP138_r79958" "Androgen receptor signaling 

pathway" 

13 0.014 89 PW 

"PC7_8676" "Validated nuclear estrogen 

receptor beta network" 

4 0.014 15 PW 

"GO:0016832" "aldehyde-lyase activity" 2 0.014 9 MF 

"WP2525_r80205

" 

"Trans-sulfuration and one carbon 

metabolism" 

2 0.014 32 PW 

"GO:0031078" "histone deacetylase activity (H3-

K14 specific)" 

5 0.014 12 MF 

"GO:0032041" "NAD-dependent histone 

deacetylase activity (H3-K14 

specific)" 

5 0.014 12 MF 

"GO:0003707" "steroid hormone receptor activity" 6 0.014 58 MF 

"PC7_12266" "p38 MAPK signaling pathway" 2 0.014 29 PW 

"GO:0042975" "peroxisome proliferator activated 

receptor binding" 

4 0.013 14 MF 

"GO:0098531" "transcription factor activity, direct 

ligand regulated sequence-specific 

DNA binding" 

6 0.013 49 MF 

"GO:0004879" "RNA polymerase II transcription 

factor activity, ligand-activated 

sequence-specific DNA binding" 

6 0.013 49 MF 

"GO:0004602" "glutathione peroxidase activity" 2 0.013 17 MF 

"GO:0035258" "steroid hormone receptor binding" 10 0.013 80 MF 

"PC7_6777" "REV-ERBA represses gene 

expression" 

7 0.012 24 PW 

"PC7_4594" "IL12-mediated signaling events" 5 0.012 60 PW 
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"PC7_5981" "Notch signaling pathway" 6 0.012 58 PW 

"GO:0017136" "NAD-dependent histone 

deacetylase activity" 

5 0.012 16 MF 

"GO:0034979" "NAD-dependent protein 

deacetylase activity" 

5 0.012 16 MF 

"PC7_6818" "RORA activates circadian gene 

expression" 

7 0.012 25 PW 

"PC7_5783" "NOTCH1 Intracellular Domain 

Regulates Transcription" 

9 0.012 47 PW 

"PC7_7489" "Signaling events mediated by 

HDAC Class II" 

6 0.012 38 PW 

"WP1533_r82707

" 

"Vitamin B12 Metabolism" 3 0.012 51 PW 

"GO:0031597" "cytosolic proteasome complex" 2 0.012 11 CC 

"WP61_r78592" "Notch Signaling Pathway" 8 0.012 61 PW 

"PC7_8057" "TRAF6 mediated NF-kB 

activation" 

3 0.012 24 PW 

"PC7_8328" "Transcriptional regulation of white 

adipocyte differentiation" 

10 0.011 77 PW 

"PC7_2681" "Constitutive Signaling by 

NOTCH1 HD+PEST Domain 

Mutants" 

9 0.011 56 PW 

"GO:0046966" "thyroid hormone receptor binding" 5 0.011 30 MF 

"GO:0050681" "androgen receptor binding" 6 0.011 39 MF 

"PC7_7488" "Signaling events mediated by 

HDAC Class I" 

10 0.011 70 PW 

"WP3414_r82252

" 

"Initiation of transcription and 

translation elongation at the HIV-1 

LTR" 

7 0.011 32 PW 

"GO:0030331" "estrogen receptor binding" 6 0.011 39 MF 

"WP176_r82704" "Folate Metabolism" 3 0.011 66 PW 

"GO:0006545" "glycine biosynthetic process" 2 0.011 6 BP 

"GO:0016830" "carbon-carbon lyase activity" 3 0.011 47 MF 

"PC7_2008" "BMAL1:CLOCK,NPAS2 activates 

circadian gene expression" 

7 0.010 37 PW 

"GO:0042744" "hydrogen peroxide catabolic 

process" 

2 0.010 20 BP 

"GO:0004623" "phospholipase A2 activity" 2 0.010 28 MF 

"PC7_2698" "Coregulation of Androgen receptor 

activity" 

4 0.010 61 PW 

"PC7_3803" "FBXW7 Mutants and NOTCH1 in 

Cancer" 

9 0.010 71 PW 

"GO:0030374" "ligand-dependent nuclear receptor 

transcription coactivator activity" 

6 0.010 54 MF 

"WP707_r82937" "DNA Damage Response" 3 0.010 68 PW 
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"GO:0033558" "protein deacetylase activity" 5 0.010 25 MF 

"GO:0004407" "histone deacetylase activity" 5 0.010 25 MF 

"GO:0048384" "retinoic acid receptor signaling 

pathway" 

4 0.010 17 BP 

"WP1530_r84694

" 

"miRNA Regulation of DNA 

Damage Response" 

3 0.010 71 PW 

"WP2879_r79602

" 

"Farnesoid X Receptor Pathway" 3 0.010 19 PW 

"GO:0031490" "chromatin DNA binding" 9 0.010 83 MF 

"GO:0006563" "L-serine metabolic process" 2 0.010 8 BP 

"PC7_2582" "Circadian Clock" 8 0.010 55 PW 

"GO:0005838" "proteasome regulatory particle" 2 0.009 20 CC 

"GO:1901522" "positive regulation of transcription 

from RNA polymerase II promoter 

involved in cellular response to 

chemical stimulus" 

6 0.009 28 BP 

"WP2874_r82709

" 

"Liver X Receptor Pathway" 2 0.009 10 PW 

"GO:0001134" "transcription factor activity, 

transcription factor recruiting" 

2 0.009 5 MF 

"GO:0009395" "phospholipid catabolic process" 2 0.009 28 BP 

"GO:0004601" "peroxidase activity" 2 0.009 39 MF 

"PC7_8323" "Transcriptional activation of 

mitochondrial biogenesis" 

6 0.009 45 PW 

"WP2011_r75253

" 

"SREBF and miR33 in cholesterol 

and lipid homeostasis" 

2 0.009 16 PW 

"GO:0034708" "methyltransferase complex" 2 0.009 90 CC 

"GO:0016684" "oxidoreductase activity, acting on 

peroxide as acceptor" 

2 0.009 40 MF 

"WP3599_r84770

" 

"Transcription factor regulation in 

adipogenesis" 

3 0.009 22 PW 

"GO:0022624" "proteasome accessory complex" 2 0.009 23 CC 

"GO:0043401" "steroid hormone mediated 

signaling pathway" 

6 0.009 61 BP 

"GO:0035999" "tetrahydrofolate interconversion" 2 0.009 10 BP 

"GO:0042743" "hydrogen peroxide metabolic 

process" 

2 0.009 31 BP 

"WP716_r83589" "Vitamin A and Carotenoid 

Metabolism" 

3 0.009 43 PW 

"GO:0000185" "activation of MAPKKK activity" 2 0.009 11 BP 

"GO:0019213" "deacetylase activity" 5 0.009 38 MF 

"GO:0030375" "thyroid hormone receptor 

coactivator activity" 

2 0.009 5 MF 

"GO:0010861" "thyroid hormone receptor activator 2 0.009 5 MF 
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activity" 

"PC7_10400" "a6b1 and a6b4 Integrin signaling" 3 0.009 45 PW 

"GO:0090575" "RNA polymerase II transcription 

factor complex" 

4 0.009 98 CC 

"PC7_5515" "Mitochondrial biogenesis" 6 0.008 54 PW 

"GO:0009295" "nucleoid" 2 0.008 44 CC 

"GO:0042645" "mitochondrial nucleoid" 2 0.008 44 CC 

"GO:0035259" "glucocorticoid receptor binding" 3 0.008 13 MF 

"PC7_2942" "DEx/H-box helicases activate type 

I IFN and inflammatory cytokines 

production" 

2 0.008 13 PW 

"WP2875_r79890

" 

"Constitutive Androstane Receptor 

Pathway" 

5 0.008 32 PW 

"GO:0016580" "Sin3 complex" 3 0.008 13 CC 

"WP1531_r82221

" 

"Vitamin D Metabolism" 2 0.008 10 PW 

"PC7_6786" "RIG-I/MDA5 mediated induction 

of IFN-alpha/beta pathways" 

5 0.008 80 PW 

 

 

3.4. DISCUSSION 

In this study, we explored the possible relationship between PPARD and MDD 

through literature-based network analysis and RNA expression variation analysis of 

PPARD in the cases of MDD. Moreover, we employed multiple linear regression analysis 

and heterogeneity analysis to study the potential, influential factors of PPARD expression 

in the cases of MDD. Coexpression analysis between PPARD and its driven genes was 

conducted to provide partial validation of the PPARD-driven MDD regulating pathway. 

The literature-based pathway in Figure III.1 supports the hypothesis that PPARD might 

be involved in the pathogenesis of MDD by regulating cytokine-related signaling 

pathways. However, our results also demonstrated the variation of PPARD expressions in 

the cases of MDD, which may be influenced by multiple factors, including sample 
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postulation regions and sample sources. These results suggested that PPARD might be a 

regulator rather than a biomarker for the pathological development of MDD. 

Firstly, literature-based network analysis showed that PPARD might influence 

multiple molecules that functionally regulate MDD, mostly in a beneficial way (Figure 

III.1). Our results were consistent with previous studies that PPARG plays a crucial role 

in regulating depression and depressive behaviors [11, 12]. Most noticeably, PPARG was 

shown to inhibit multiple cytokine signaling pathways, which have been demonstrated to 

play an important role in the pathophysiology of MDD [15]. On the one hand, PPARD 

activation blocks the synthesis of inflammatory cytokines, including IL1ɓ, IL6, and 

TNFŬ [16], which explains the fact that PPARD agonists downregulate the expression of 

these cytokines [17]. On the other hand, serum TNFŬ, IL6, and IL1ɓ were implicated as 

important factors in the psychopathology of acute-phase MDD [18], which were found to 

stimulate behavioral changes of MDD [19]. These findings support the PPARD-cytokine 

signaling-MDD pathways, where increased expression of PPARD plays an inhibitive role 

in MDD. 

Moreover, the pathway analysis also revealed that PPARD inhibits two small 

molecules that were the promoters of MDD, namely, free oxygen radicals (ROS) and 

glutamate (Figure III.1). Activation of PPARD was found to counteract angiotensin II-

induced ROS generation and modulates glutamate release [20ï22], which have been 

suggested to play essential roles in the pathophysiology of MDD [23, 24]. PPARD 

activation also stimulates the biosynthesis of tetrahydrobiopterin [25], which was 

implicated to play a role in clinical depression [26]. These findings suggested additional 
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pathways where PPARD plays beneficial functions in the pathological development of 

MDD. 

However, our pathway analysis also revealed that PPARD activation promotes the 

nitric oxide (NO) formation and ceramide synthesis [27, 28], which were found to play 

important roles in the neurobiology of major depression [29, 30]. These findings 

suggested the complicity of the relationship between PPPARD and MDD. 

Coexpression analysis suggested that decreased expression of PPARD in MDD 

patients might lead to elevated IL6 expression, while overexpression of PPARD could 

suppress the expression of TNF. Both IL6 and TNF encode cytokines that have been 

shown to play a key role in the pathogenesis of MDD [31]. These findings support a 

potential PPARD Ÿ cytokine Ÿ MDD signaling pathway that has been identified 

through literature data mining (Figure III.1). 

Expression data analysis showed that PPARD only demonstrated mild variations 

among 18 different MDD datasets (LFC = -0.38 to 0.61), with 55.56% of studies 

presenting overexpression and 44.44% studies showing reduced expression. As the 

datasets were collected from four different countries and eight different sample sources 

and using six different platforms, our study results may well represent different cases of 

MDD. Our results suggested that PPARD might not be a biomarker for the pathological 

development of MDD. Although the deficiency of PPARD might lead to depression-like 

behaviors and promote the development of MDD, it may not naturally happen in the 

majority of MDD patients. We presented the details of the PPAR expression in 

ExpressionOfPPARD in the Supplementary Materials. 
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MLR analysis showed that the population region (country) and sample source 

were significant, influential factors (p= 4.47E -07 and 2.67E- 05, respectively) of PPARD 

expression levels in the case of MDD. Moreover, a heterogeneity analysis indicated that 

significant within-study variance might exist among individual MDD patients (see Figure 

III. 4), which is worthy of further study. However, due to the lack of clinical information 

of the 18 expression datasets, the related analysis was not conducted in this study. 

This study has several limitations that need further investigation. First, the 

pathways built (Figure III.1) were based on previous studies. Although coexpression 

analysis provided partial validation of the pathway, biology experiments are needed to 

test the relationships identified. Second, more clinical parameters (e.g., age, gender, 

disease stage, and drug status) should be tested regarding their influence on MDD 

expression variation. 

 

3.5. CONCLUSION 

This study was among the first studies to explore the relationship between PPARD and 

MDD. The literature-based pathway built here supported a potential PPARD Ÿ MDD 

relationship that is worthy of further investigation. However, PPARD might not be a 

biomarker for MDD at the gene expression level. 
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Abstract 

It has shown that schizophrenia (SCZ) is associated with a higher chance of 

myocardial infarction (MI) and increased mortality. However, the underlying mechanism 

is largely unknown. Here, we first constructed a literature-based genetic pathway linking 

SCZ and MI, and then we tested the expression levels of the genes involved in the 

pathway by a meta-analysis using nine gene expression datasets of MI. In addition, a 

literature-based data mining process was conducted to explore the connection between 

SCZ at different levels: small molecules, complex molecules, and functional classes. The 

genetic pathway revealed nine genes connecting SCZ and MI. Specifically, SCZ activates 

two promoters of MI (IL6 and CRP) and deactivates seven inhibitors of MI (ADIPOQ, 

SOD2, TXN, NGF, ADORA1, NOS1, and CTNNB1), suggesting that no protective role 

of SCZ in MI was detected. Meta-analysis showed that one promoter of MI (CRP) 

presented no significant increase, and six out of seven genetic inhibitors of MI 

demonstrated minor to moderately increased expression. Therefore, the elevation of CRP 

and inhibition of the six inhibitors of MI by SCZ could be critical pathways to promote 

MI. Nine other regulators of MI were influenced by SCZ, including two gene families 

(inflammatory cytokine and IL1 family), five small molecules (lipid peroxide, 

superoxide, ATP, ascorbic acid, melatonin, arachidonic acid), and two complexes (CaM 

kinase 2 and IL23). Our results suggested that SCZ promotes the development and 

progression of MI at different levels, including genes, small molecules, complex 

molecules, and functional classes. 

 



66 

 

4.1 INTRODUCTION  

Schizophrenia (SCZ) is one of the most chronically disabled mental illnesses 

(McGrath et al., 2008). The early manifestations of the disease usually appear in middle 

and late adolescence, and the clinical onset usually begins 2ï5 years later. Patients with 

SCZ pose unique challenges due to affect, cognition, and socio-demographic factors. 

Myocardial infarction (MI) and afterward heart failure are the significant causes of death 

and disability in the developed countries, characterized by acute myocardial ischemia 

derived from coronary artery occlusion, myocardial injury, and even necrosis (Lu et al., 

2015; Sakaguchi et al., 2020). 

An increasing amount of literature has discussed the strong correlations between 

mental disorders and increased MI mortality, especially in patients with SCZ (Nielsen et 

al., 2015). A study using a nationwide inpatient sample examines the outcomes of Acute 

Myocardial Infarction (AMI) in patients with SCZ. They found that 4,648 out of 

1,196,698 discharged with AMI were also diagnosed SCZ, and these patients diagnosed 

with both SCZ and AMI showed higher in-hospital mortality (Karthik et al., 2012). Risks 

of AMI were raised nearly twofold in younger people with SCZ (age under 35) (Wu et 

al., 2015). A study by Nielsen et al. (2015) reported that 75% of SCZ patients developed 

silent MI, which may be related to the psychiatric diseases covering up cardiovascular 

diseases (Kugathasan et al., 2018). Thus, some studies indicate that SCZ is a significant 

risk factor of in-hospital mortality in MI patients (Sohn et al., 2015; Wu et al., 2015). 

Also, high mortality following incident MI in individuals with SCZ may associate with 

low access to care (Kurdyak et al., 2012). 
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Despite the clinical outcomes that support the relationship between MI and SCZ 

(Karthik et al., 2012; Nielsen et al., 2015), the underlying mechanisms of the promotion 

effect of SCZ on MI are largely unknown. It has been suggested that the pathogenesis of 

a disease can be explained through a multiscale interactome network of proteins, drug 

targets, and biological functions (Ruiz et al., 2021), and the network-based location of 

each disease module determines its pathological relationship to other diseases (Menche et 

al., 2015). Here, we studied the potential influence of SCZ on MI at different levels 

(genes, small molecules, complex molecules, and functional classes), with functional 

pathways constructed. Moreover, a meta-analysis was conducted using MI expression 

data to explore the gene expression variation within the SCZ-driven MI-regulating 

genetic pathway. Results from this study may add new insights into the understanding of 

the negative roles that SCZ plays in the pathological development of MI, which is critical 

in the prevention and treatment of MI in SCZ patients. 

 

4.2 MATERIALS AND METHODS  

This study is organized as follows. First, we conducted a Natural Language 

Processing (NLP)-based literature data-mining (Daraselia et al., 2004) to construct a 

genetic pathway connecting SCZ and MI. Second, we performed a meta-analysis to test 

the gene expression variations of the pathway genes in MI patients. Lastly, we explored 

SCZ-driven MI regulators at other levels, including small molecules, functional gene 

classes, and complex molecules. 
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4.2-a) Identify SCZ-MI Genetic Pathways 

Assisted by Pathway Studio (1version 12.3), we conducted an NLP-based large-

scale literature data mining to identify common genes that were downstream targets of 

SCZ and up-regulators of MI. That is, each gene was identified as influenced by SCZ, 

and was also regulating MI, forming a SCZŸGeneŸMI relationship. For each 

relationship identified, there were at least three independent supporting references, which 

were provided in the supplementary material SCZ_MIŸRef4GeneticPathway, including 

the title, DOI/PMID, and the sentences where the relationship was identified. The process 

was conducted by using MedScan (Daraselia et al., 2004), an NLP-based literature data-

mining tool. The data mining covered over 24 million PubMed abstracts and 3.5 million 

Elsevier and 3rd part full-text papers. Each relationship/edge was built based on the fact 

extracted from the literature by NLP technology with at least three supporting references. 

A manually quality control process was enforced to remove unreliable relationships and 

relationships with non-specific polarities. Here, unreliable relationships refer to these 

with unmatched sentences, which were false positives by the NLP technique. 

All t he entities within the remaining network were tested using a meta-analysis 

with nine independent MI RNA-expression datasets. The purpose of the meta-analysis 

was to explore the gene expression patterns of these SCZ-drive genes, which may help to 

understand the literature-based relationships identified. To note, instead of using reported 

results from original data-related studies, we used the original data to calculate the 

expression levels. The process is described as follows. 
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4.2-b) Selection of Gene Expression Datasets for Meta-Analysis 

The MI expression datasets were identified within the GEO database2 (Clough 

and Barrett, 2016). The search was conducted using the keyword ñmyocardial infarctionò 

with 12,193 items identified. Among these items, 678 studies with series data were 

selected. We made an outline of the metadata of the identified datasets and selected a 

sub-set for the meta-analysis with the following steps and criteria: (1) The dataset was 

array expression data (296 datasets); (2) The original data and the corresponding format 

file were downloadable (152 datasets; metadata summary of these datasets were 

presented in Supplementary data SCZ_MIMI_datasets); (3) The model organism of the 

study was indicated as ñhumanò or ñHomo sapiensò (143 datasets); (4) The study design 

was MI cases vs. healthy control (9 datasets). For step 4, we manually checked the 

metadata of the 143 datasets from step 3, and the qualified datasets were included for 

meta-analysis. The nine datasets that satisfied the above criteria were included in the 

meta-analysis, as shown in Table IV.1. 

 

Table IV .1 The nine MI expression datasets selected for mega-analysis 

Dataset GEO ID #Control #Case Country Study Age Sample Organism 

GSE24519 4 34 Italy 3 Homo sapiens 

GSE24591 4 34 Italy 3 Homo sapiens 

GSE34198 48 49 Czech Republic 6 Homo sapiens 

GSE48060 21 31 USA 6 Homo sapiens 

GSE60993 7 10 South Korea 5 Homo sapiens 

GSE60993 7 17 South Korea 5 Homo sapiens 

GSE62646 14 84 Poland 6 Homo sapiens 

GSE66360 50 49 USA 5 Homo sapiens 

GSE97320 3 3 China 3 Homo sapiens 
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4.2-c) Meta-Analysis Models 

For each gene, the meta-analysis estimated the effect size in terms of gene 

expression log2 fold-change (LFC). Results from using both the random-effects model 

and fixed-effect model were compared following the statistics estimation used 

by Borenstein et al. (2010). To determine the heterogeneity of the datasets, between- and 

within-study variance was calculated and compared. When the total variance (Cochranôs 

Q statistic) was no bigger than the expected value of the between-study variances (df), 

the model sets the ISq (percentage of the within- over between-study variance) to zero. In 

this case, the fixed-effect model, instead of the random-effects model, will be selected for 

the meta-analysis. The definition of Cochranôs Q statistic, df, and ISq was provided in 

Eq. (1) to (3) (Borenstein et al., 2010). All analyses were performed using Matlab 

(R2017a version). 

Equation (1)  Cochranôs Q Statistic 
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Where Ti is the deviation of each study, Wi is the inverse variance of each study, and k is 

the total number of studies. 

Equation (2)  Degrees of freedom 
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Where k is the total number of studies. 

Equation (3)  Between Study Variances 

 



71 

 

 ╘╢▲
╠ ▀█

╠
 

 

 

Where Q is the total variance defined by Equation (1), and df is the degree of freedom 

defined in Equation (2). 

 

4.2-d) Analysis of Influential Factors 

To estimate the possible influence of several factors (e.g., study date, country of 

origin, and sample size) on the gene expression in MI patients, we conducted a multiple 

linear regression (MLR) analysis and reported the P-values for each of these factors. 

 

4.2-e) Identification of Additional SCZ -Driven MI Regulators 

To explore SCZ-driven MI regulators at other levels, we conducted another NLP-

based literature data mining assisted by the network building module of Pathway Studio3. 

The analysis was first performed to identify functional gene class, small molecule, 

complex molecules, and cells that induced MIôs pathological development, and then these 

types of entities regulated by SCZ were also identified. The overlapped entities were used 

to construct SCZŸMI network. To ensure high confidence in the identified relationship, 

we used the confidence level of three (identified entities were supported by at least three 

references) to filter the relationships. 

 

https://www.frontiersin.org/articles/10.3389/fgene.2021.607690/full#footnote3
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4.2-f) Pathway Analysis Using Protein-Protein Interactions of Identified Biomarkers 

The methods described in Chapter 2.4 have been applied to the specific case. The 

queries are built around a disease ñSCZMIò that connects with the identified important 

genes; SCZMI became the starting point (disease) for building PPI networks. The queries 

can be found in the appendix section. 

 

 

4.3 RESULTS 

4.3-a) SCZ-MI Genetic Pathway 

As shown in Figure IV.1, there were nine genes driven by SCZ that were MI 

regulators. Specifically, SCZ activates two MI promoters (IL6 and CRP) and deactivates 

seven MI inhibitors (ADIPOQ, SOD2, TXN, NGF, ADORA1, NOS1, and CTNNB1). 

These could be the potential pathways where SCZ plays an essential role in the 

pathological development and progression of MI. Notably, seven out of the nine genes 

were MI inhibitors, indicating that SCZ is strongly associated with MIôs pathological 

development more through MI-inhibitorsô deactivation than through its promotersô 

activation. SCZ may play more roles in the progression deterioration than in the initiation 

of MI. For the details of the pathways presented in Figure IV.1, please refer to 

SCZ_MIŸRef4GeneticPathway. From this genetic pathway analysis, we identified no 

ñgoodò effect of SCZ in MI. 
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Figure IV .1: Schizophrenia driven genetic regulators of myocardial infarction. Each relationship 

was supported by three or more references. The network contains four different types of proteins 

and three different types of relationships (edges). Genes in red represent an increased gene 

expression level in myocardial infarction, and blue means decreased.  

 

 

4.3-b) Meta-Analysis Results 

We conducted a meta-analysis using nine MI-expression datasets to test the 

expression variation of the genes involved in SCZ-driven genetic pathways for MI. We 

presented the major results of the meta-analysis and MLR analysis in Table IV.2. The 

detailed results of the meta-analysis were presented in SCZ_MIŸMeta-analysis. 

 

Table IV .2 Mega-analysis and MLR analysis results 

Gene 

Name 

Mega-analysis results MLR analysis results 

Random-Effects  
Model (yes=1; 

no=0) 

# of 

Study 
Effect size 

(LFC) 
p-

value 
# of 

Sample 
Count

ry 
Study 

Age 

ADIPOQ 1 8 0.44 0.10 0.39 0.013 0.31 

ADORA 1 9 0.055 0.36 0.98 0.008 0.06 
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1 

CRP 0 8 0.018 0.40 0.76 0.104 0.53 
CTNNB

1 0 9 -0.070 0.10 0.88 0.053 0.29 

IL6 1 5 0.71 0.02 1.00 3 e-5 9 e-5 

NGF 1 3 0.086 0.48 3 e-16 3 e-16 1.00 

NOS1 0 8 0.044 0.20 0.83 0.008 0.19 

SOD2 1 9 0.21 0.24 0.56 0.087 0.84 

TXN 1 8 0.17 0.34 6 e-6 8 e-6 1.00 

 

As shown in Table IV.2, population region (Country) was suggested as a 

significant influential factor for the expression of almost all the genes tested except CRP 

and CTNNB1. Patients from different countries usually carry racial and ethnic variations 

that influence gene expression patterns (Hicks et al., 2013). While the sample size only 

influences the expression of NGF and TXN (p-value = 3eï16 and 6eï6, respectively), 

and study age seems to be an influential factor for IL6 alone (p-value = 9eï5). These 

results suggested the complexity of the disease of MI, which could be influenced by 

multiple factors. 

As shown in Figure IV.1 and Table IV.2, only one MI promoter (IL6) was 

significantly up-regulated in MI patients (LFC = 0.71, p-value = 0.021). The other MI 

promoter (CRP) presented no significant expression change (LFC = 0.018; p-value = 

0.40). Therefore, the activation of CRP could be a required course where SCZ promotes 

MIôs pathological development. 

 

We identified two inhibitors of MI, which got moderate elevation in their 

expression levels, including ADIPOQ and SOD2 (LFC = 0.44 and 0.21, respectively; p-
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value = 0.10 and 0.24, respectively). Therefore, inhibiting these two genesô activity could 

be another path that SCZ contributes to the promotion of MI. Most of the other MI 

inhibitors demonstrated minor elevated expression except CTNNB1 (LFC = ī0.069). The 

increased expressions of all these inhibitors of MI were beneficial in the progression MI. 

Thus, by deactivating these MI inhibitors, SCZ could worsen the progression of MI. 

 

4.3-c) SCZ-Driven Small Molecule Regulators of MI 

To explore the connections between SCZ and MI in other levels, we first 

identified the small molecules that were downstream targets of SCZ and upstream 

regulators of MI. Three or more references supported each of these relationships (see 

SCZ_MIRef4SMPathways). Six small molecules satisfied our data mining criteria and 

formed the small molecule pathway, as shown in Figure IV.2. Among these six small 

molecules, SCZ activates two out of three MI promoters and deactivates all three MI 

inhibitors. Although SCZ could also deactivate one MI promoter (arachidonic acid), the 

overall conclusion from the small molecular pathway (Figure IV.2) is consistent with the 

genetic pathway (Figure IV.1)ðSCZ plays a more negative than positive role at a small 

molecular level in the pathological development of MI. 
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Figure IV .2 : Schizophrenia-driven small molecular regulators of myocardial infarction. Each 

relationship was supported by three or more references. The network contains two different types 

of relationships (edges): quantitative change and regulation. The small molecules highlighted in 

red were the regulators of myocardial infarction driven by schizophrenia to play antagonistic 

roles in the development and progression of myocardial infarction. The ones in green play 

antagonistic roles in the development and progression of myocardial infarction. 

 

4.3-d) Schizophrenia Driven Regulators Of Myocardial Infarction  At Gene Family 

And Complex Level 

Besides small molecules, we also identified two gene families (inflammatory 

cytokine and IL1 family) and two complexes (CaM kinase 2 and IL23) that were 

promoters of MI and stimulated by SCZ. To note, the gene family and complex pathways 

shown in Figure IV.3 support only the negative influence of SCZ on MI without a 

positive effect identified. For the details of the pathways presented in Figure IV.3, please 

refer to SCZ_MIŸRef4FCPathway. 
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Figure IV .3: Schizophrenia-driven cells, gene families and complex as regulators of myocardial 

infarction. Each relationship was supported by three or more references. The network contains 

two types of relationships (quantitative change and regulation). 

 

 

4.3-e) Protein-Protein Interaction Pathway Analysis with Heterogeneous Networks 

The results obtained for different gene ontology and pathways are combined and 

shown in a table. Only the query results with the highest 100 DWPC scores were 

displayed in Table IV.3. 
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Table IV .3 Protein Protein Interaction Pathway Analysis for the identified important genes. 

ID Process name PC DWPC n_genes Change 

PC7_1573 Adherens junctions interactions 19 0.021 30 PW 

GO:0001609 G-protein coupled adenosine receptor 

activity 

2 0.020 7 MF 

GO:0008013 beta-catenin binding 53 0.018 80 MF 

PC7_2527 Cell-cell junction organization 20 0.016 60 PW 

PC7_2526 Cell-Cell communication 33 0.014 130 PW 

PC7_2524 Cell junction organization 20 0.014 85 PW 

GO:0046982 protein heterodimerization activity 51 0.014 470 MF 

WP58_r80015 Monoamine GPCRs 7 0.013 33 PW 

WP80_r68938 Nucleotide GPCRs 2 0.012 11 PW 

GO:0035586 purinergic receptor activity 2 0.012 25 MF 

GO:0097481 neuronal postsynaptic density 10 0.012 67 CC 

PC7_1624 Amine ligand-binding receptors 7 0.012 41 PW 

GO:0030425 dendrite 44 0.012 453 CC 

GO:0008227 G-protein coupled amine receptor 

activity 

6 0.012 44 MF 

GO:0004936 alpha-adrenergic receptor activity 3 0.012 6 MF 

GO:0099572 postsynaptic specialization 28 0.012 195 CC 

GO:0014069 postsynaptic density 28 0.012 195 CC 

GO:0060076 excitatory synapse 28 0.011 207 CC 

GO:0004556 alpha-amylase activity 3 0.011 5 MF 

GO:0004935 adrenergic receptor activity 4 0.011 10 MF 

GO:0051428 peptide hormone receptor binding 7 0.011 17 MF 

GO:0001664 G-protein coupled receptor binding 28 0.011 251 MF 

GO:0098794 postsynapse 37 0.011 389 CC 

PC7_5996 Nucleotide-like (purinergic) 

receptors 

2 0.011 16 PW 

GO:0016160 amylase activity 3 0.011 6 MF 

GO:0043235 receptor complex 36 0.011 321 CC 

PC7_4044 GPCR ligand binding 16 0.011 440 PW 

GO:0005667 transcription factor complex 41 0.010 297 CC 

GO:0048406 nerve growth factor binding 3 0.010 6 MF 

WP1403_r7947

1 

AMPK Signaling 13 0.010 69 PW 

GO:0098552 side of membrane 38 0.010 425 CC 

PC7_4107 Gastrin-CREB signalling pathway 

via PKC and MAPK 

21 0.010 215 PW 

GO:0044297 cell body 43 0.010 492 CC 

WP455_r81793 GPCRs, Class A Rhodopsin-like 10 0.010 258 PW 
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GO:0098797 plasma membrane protein complex 47 0.010 499 CC 

GO:0019865 immunoglobulin binding 6 0.010 22 MF 

PC7_2620 Class A/1 (Rhodopsin-like receptors) 13 0.009 313 PW 

GO:0070161 anchoring junction 60 0.009 487 CC 

GO:0044853 plasma membrane raft 19 0.009 86 CC 

GO:0005901 caveola 16 0.009 76 CC 

GO:0031683 G-protein beta/gamma-subunit 

complex binding 

5 0.009 21 MF 

GO:0016323 basolateral plasma membrane 22 0.009 212 CC 

PC7_3993 G alpha (q) signalling events 10 0.009 187 PW 

GO:0019864 IgG binding 4 0.009 11 MF 

GO:0045296 cadherin binding 11 0.009 28 MF 

GO:0005912 adherens junction 57 0.009 468 CC 

PC7_3166 Digestion of dietary carbohydrate 3 0.009 9 PW 

GO:0007188 adenylate cyclase-modulating G-

protein coupled receptor signaling 

pathway 

15 0.009 144 BP 

GO:0016176 superoxide-generating NADPH 

oxidase activator activity 

2 0.009 5 MF 

GO:0050998 nitric-oxide synthase binding 7 0.009 19 MF 

WP363_r78571 Wnt Signaling Pathway Netpath 26 0.009 52 PW 

GO:0043121 neurotrophin binding 3 0.009 9 MF 

PC7_1578 Adrenoceptors 4 0.009 9 PW 

GO:0005635 nuclear envelope 36 0.009 408 CC 

WP536_r80211 Calcium Regulation in the Cardiac 

Cell 

16 0.009 149 PW 

GO:0044389 ubiquitin-like protein ligase binding 50 0.009 261 MF 

GO:0034332 adherens junction organization 26 0.009 75 BP 

GO:0005834 heterotrimeric G-protein complex 5 0.009 32 CC 

GO:0031821 G-protein coupled serotonin receptor 

binding 

2 0.008 7 MF 

GO:0019838 growth factor binding 17 0.008 121 MF 

PC7_7484 Signaling by Wnt 61 0.008 317 PW 

WP666_r68893 Hypothetical Network for Drug 

Addiction 

8 0.008 32 PW 

GO:0031625 ubiquitin protein ligase binding 48 0.008 257 MF 

GO:0007187 G-protein coupled receptor signaling 

pathway, coupled to cyclic 

nucleotide second messenger 

15 0.008 171 BP 

WP3594_r8457

3 

Circadian rythm related genes 35 0.008 201 PW 

GO:0030169 low-density lipoprotein particle 3 0.008 15 MF 
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binding 

GO:0045121 membrane raft 41 0.008 287 CC 

GO:0098857 membrane microdomain 41 0.008 288 CC 

GO:0050780 dopamine receptor binding 7 0.008 16 MF 

PC7_11357 deactivation of the beta-catenin 

transactivating complex 

27 0.008 33 PW 

WP2380_r7995

3 

BDNF signaling pathway 40 0.008 144 PW 

GO:1904929 coreceptor activity involved in Wnt 

signaling pathway, planar cell 

polarity pathway 

2 0.008 6 MF 

GO:0043025 neuronal cell body 37 0.008 435 CC 

PC7_6914 Regulation of nuclear beta catenin 

signaling and target gene 

transcription 

42 0.008 80 PW 

GO:0032962 positive regulation of inositol 

trisphosphate biosynthetic process 

2 0.008 5 BP 

PC7_3994 G alpha (s) signalling events 7 0.008 124 PW 

PC7_2704 Creation of C4 and C2 activators 5 0.008 13 PW 

GO:0031965 nuclear membrane 29 0.008 278 CC 

GO:0030877 beta-catenin destruction complex 12 0.008 14 CC 

PC7_7044 S1P5 pathway 3 0.008 8 PW 

GO:0042562 hormone binding 7 0.008 65 MF 

WP706_r80056 SIDS Susceptibility Pathways 34 0.008 156 PW 

GO:0008022 protein C-terminus binding 28 0.008 189 MF 

WP2431_r8465

0 

Spinal Cord Injury 26 0.008 118 PW 

GO:0001973 adenosine receptor signaling pathway 3 0.008 9 BP 

GO:0032960 regulation of inositol trisphosphate 

biosynthetic process 

2 0.007 6 BP 

PC7_5773 NGF-independant TRKA activation 2 0.007 5 PW 

GO:0008066 glutamate receptor activity 4 0.007 27 MF 

GO:0097110 scaffold protein binding 9 0.007 46 MF 

PC7_7040 S1P1 pathway 7 0.007 19 PW 

PC7_12281 p75(NTR)-mediated signaling 18 0.007 69 PW 

GO:0071936 coreceptor activity involved in Wnt 

signaling pathway 

2 0.007 8 MF 

PC7_5893 Neurotrophic factor-mediated Trk 

receptor signaling 

15 0.007 61 PW 

GO:0045216 cell-cell junction organization 39 0.007 172 BP 

GO:0005911 cell-cell junction 43 0.007 388 CC 

GO:0019898 extrinsic component of membrane 26 0.007 249 CC 
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PC7_7042 S1P3 pathway 10 0.007 25 PW 

WP2858_r8301

5 

Ectoderm Differentiation 23 0.007 138 PW 

GO:0034329 cell junction assembly 35 0.007 170 BP 

GO:0031983 vesicle lumen 14 0.007 85 CC 

GO:0016055 Wnt signaling pathway 61 0.021 263 BP 

GO:0005769 early endosome 25 0.020 292 CC 

GO:0098802 plasma membrane receptor complex 21 0.018 170 CC 

PC7_7463 Signaling by NGF 53 0.016 286 PW 

PC7_6512 Platelet activation, signaling and 

aggregation 

27 0.014 221 PW 

GO:0019897 extrinsic component of plasma 

membrane 

20 0.014 132 CC 

PC7_1548 Activation of TRKA receptors 2 0.014 6 PW 

GO:0098562 cytoplasmic side of membrane 22 0.013 169 CC 

GO:0060205 cytoplasmic membrane-bounded 

vesicle lumen 

12 0.012 83 CC 

GO:0005138 interleukin-6 receptor binding 3 0.012 7 MF 

GO:0071813 lipoprotein particle binding 3 0.012 24 MF 

GO:0071814 protein-lipid complex binding 3 0.012 24 MF 

GO:0034330 cell junction organization 40 0.012 200 BP 

PC7_2629 Classical antibody-mediated 

complement activation 

4 0.012 7 PW 

GO:0019198 transmembrane receptor protein 

phosphatase activity 

12 0.012 17 MF 

GO:0005001 transmembrane receptor protein 

tyrosine phosphatase activity 

12 0.012 17 MF 

GO:0000785 chromatin 54 0.012 444 CC 

PC7_7043 S1P4 pathway 6 0.011 14 PW 

PC7_2532 Cellular responses to stress 54 0.011 264 PW 

GO:0007156 homophilic cell adhesion via plasma 

membrane adhesion molecules 

19 0.011 154 BP 

PC7_5307 Membrane Trafficking 18 0.011 190 PW 

GO:0043531 ADP binding 3 0.011 33 MF 

WP2355_r7997

3 

Corticotropin-releasing hormone 26 0.011 92 PW 

PC7_3666 Endosomal Sorting Complex 

Required For Transport (ESCRT) 

5 0.011 27 PW 

GO:0009897 external side of plasma membrane 14 0.011 238 CC 

GO:0051427 hormone receptor binding 28 0.011 168 MF 

GO:0050839 cell adhesion molecule binding 25 0.011 186 MF 

GO:0031628 opioid receptor binding 2 0.010 6 MF 
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GO:0051429 corticotropin-releasing hormone 

receptor binding 

2 0.010 6 MF 

PC7_7784 TCF dependent signaling in response 

to WNT 

51 0.010 218 PW 

GO:0030055 cell-substrate junction 39 0.010 397 CC 

PC7_7435 Signal amplification 4 0.010 31 PW 

GO:0031690 adrenergic receptor binding 8 0.010 19 MF 

GO:0019903 protein phosphatase binding 26 0.010 120 MF 

GO:0000790 nuclear chromatin 44 0.010 291 CC 

GO:0031701 angiotensin receptor binding 3 0.010 12 MF 

GO:0005924 cell-substrate adherens junction 38 0.009 393 CC 

GO:0019902 phosphatase binding 32 0.009 162 MF 

PC7_6815 RNF mutants show enhanced WNT 

signaling and proliferation 

51 0.009 227 PW 

PC7_4739 Initial triggering of complement 5 0.009 21 PW 

GO:0008083 growth factor activity 8 0.009 159 MF 

PC7_7483 Signaling by WNT in cancer 54 0.009 249 PW 

GO:0009898 cytoplasmic side of plasma 

membrane 

20 0.009 155 CC 

GO:0031698 beta-2 adrenergic receptor binding 3 0.009 5 MF 

GO:0010008 endosome membrane 28 0.009 388 CC 

PC7_5772 NGF signalling via TRKA from the 

plasma membrane 

36 0.009 206 PW 

GO:1903522 regulation of blood circulation 31 0.009 302 BP 

GO:0031234 extrinsic component of cytoplasmic 

side of plasma membrane 

11 0.009 96 CC 

GO:0005925 focal adhesion 37 0.009 388 CC 

PC7_7041 S1P2 pathway 12 0.009 26 PW 

 

4.4 DISCUSSION 

This study explored the SCZ influenced MI regulators at multiple levels: genetic, 

gene family, small molecule, and complex. Corresponding pathways were constructed 

with a meta-analysis to test the gene expression within the genetic pathway in MI 

patients. The pathway built suggested a negative role of SCZ in MIôs pathological 

development, which is consistent with previous studies (Karthik et al., 2012; Nielsen et 
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al., 2015). However, different from the clinical research exploring the co-occurrence and 

common clinical features of two diseases, this study mainly focused on experiment data-

based studies to uncover potential mechanisms underlying the clinical association 

between SCZ and MI. 

Firstly, we identified the potential association between SCZ and MI at the genetic 

level through the connection with nine common genes (Figure IV.1). Most of the 

pathways presented in Figure IV.1 pointed to a negative role of SCZ in the pathological 

development of MI. For example, the interleukin-6 (IL-6) serum concentrations of SCZ 

patients was confirmed by multiple studies to get significantly elevated (El Kissi et al., 

2015), which was shown to be associated with clinical progression of unstable angina and 

increased risk of MI (Deten et al., 2003; Gori et al., 2006). Our meta-analysis result 

confirmed that elevated IL-6 expressions in patients with MI (LFC = 0.71, p-value = 

0.021). Therefore, the SCZ-IL6-MI could be one of the pathological paths where SCZ 

promotes MI. 

The meta-analysis also showed that the expression of CRP, a promoter of MI, was 

not significantly elevated in the nine MI-datasets employed in the meta-analysis (Table 

IV.2). However, in chronic SCZ patients, the expression levels of CRP could be 

significantly increased (Meyer et al., 2009), which has been shown to play an essential 

role in the development of heart failure after MI (Al Aseri et al., 2019). Therefore, the 

SCZ-CRP-MI pathway could be an essential mechanism explaining the promotion role of 

SCZ in the progression of MI. Besides the effect of SCZ on the MI promoters, most of 
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the MI inhibitors demonstrated increased expression in MI (LFC > 0), which indicates 

that SCZ may play more roles in the progression deterioration than in the initiation of MI. 

However, we noted that the early stage of SCZ could play some protective role in 

MI progression through the up-regulation of TXN (an MI inhibitor) (Figure IV.1). The 

overexpression of TXN has been suggested as a therapeutical target for MI (Sag et al., 

2014; Yang et al., 2016). In the early stage of SCZ, TXN expression could be elevated 

(Zhang et al., 2009), while in chronic SCZ patients, TXN was shown to be down-

regulated, which inverses the role of SCZ back to negative in the progression of MI 

(Aydēn et al., 2018). 

ADORA1 forms an oligomeric structure with P2RY1 (Yoshioka et al., 2001) to 

mediate purine signaling. This activation triggers two different Ca+2 release pathways 

through Calmodulin Kinase 2 (CamKII) and inositol triphosphate (Paredes-Gamero et al., 

2006). The release of calcium ions is essential for heart muscle contractions and electrical 

signal formation. Therefore, an expression increase in ADORA1 might disrupt the 

intensity of electrical signals generated by heart and muscle tissues. Increased IL-6 

expression could be tied to increased release of calcium ions and inositol triphosphate, 

which causes a positive feedback loop (Bustamante et al., 2014). 

Perhaps the most important finding is related to the formation of adherens and gap 

junction interactions after expression changes of the identified molecules. Deactivation of 

the beta-catenin transactivating complex is crucial for structural changes in heart muscle 

formation and maintenance. ADIPOQ, NOS1, TXN, CTNNB1, and CRP play an 

essential role in the beta-catenin transactivating complexôs deactivation. Beta-catenin is 
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localized at the fascia adherens junction, where it is part of the N-cadherinï actin 

complex. Over and underexpression of CTNNB1 (beta-catenin) is tied to 

cardiomyopathies due to structural changes in heart muscle (Sheikh et al., 2009). Beta-

catenin is crucial in cell differentiation in the brain as well, and an abnormal Wnt gene 

expression and plasma protein levels are proven to be related to SCZ in the earlier studies 

(Hoseth et al., 2018). 

We also identified six SCZ-driven small molecules that influence MIôs advance, 

as shown in Figure IV.2. Different from the genetic pathway, we also identified one 

potential ñgoodò pathway (SCZŸarachidonic acidŸMI) where SCZ plays a protective 

role in MI development. It has been shown that arachidonic acid levels are reduced in 

post mortem and peripheral red blood cell membranes in SCZ (Berger et al., 2016), while 

the 5-lipoxygenase derivatives of arachidonic acid have been shown to play an important 

pathogenic role during MI (Lisovyy et al., 2009). However, the regulation of other MI 

inhibitors and promoters (Figure IV.2) suggested that SCZ plays a more negative than 

positive role at the small molecular (compound) level in the pathological development 

and progression of MI, which is consistent with that of the genetic pathway presented in 

Figure IV.1. For instance, SCZ has been shown to reduce the secretion of melatonin, 

which was implicated as a protector for the cardiac microvascular ischemia to improve 

the therapeutic outcomes of MI (Zhou et al., 2018; Saberi et al., 2019). More details of 

the pathway presented in Figure IV.2 can be found in SCZ_MIŸRef4SMPathway. 

Moreover, our study also uncovered four MI promoters (Figure IV.3), including 

two SCZ-driven gene families and two complexes. Notably, plasma concentrations of the 
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Interleukin-1 family (IL-1 family) were found significantly increased in SCZ patients 

(Sirota et al., 2003), which may characteristically modify the process of coronary artery 

disease associated with Chlamydia pneumonia infection, leading to the development of 

MI (Momiyama et al., 2001). The expression of calmodulin kinase II (CaM kinase II) 

was also elevated in the tissues of patients with SCZ (Lee et al., 2010). It has been 

suggested that CaM kinase II inhibition could improve ventricular functions and restores 

normal Ca2+ homeostasis after MI (Hund et al., 2008; Fu et al., 2013), while the 

overexpression of CaM kinase II causes dilated cardiomyopathy and ventricular 

dysfunction associated with abnormal Ca2+ handling (Hund et al., 2008). Therefore, the 

pathways presented in Figure IV.3 may add new insights into the understanding of the 

negative role of SCZ in MI development. 

This study has several limitations that need to be addressed in future work. First, 

the identification of the SCZ driven MI-regulators was filtered to have support by at least 

three references. While this decreased the identified entitiesô false-positive ratio, some 

vital information might be lost between SCZ and MI connection, which needs further 

consideration. Second, the pathways and relations were constructed based on previous 

studies that were conducted in different backgrounds. Biology experiments are needed to 

validate any of the relationships identified in this study. Third, the sample size of the MI 

datasets employed in this study presented significant variance, which influenced the 

meta-analysis results. Forth, the relationships identified in this study were mainly 

quantitative changes at the gene/protein expression level. Other types of relation (e.g., 

genetic change by GWAS study) may add new insights into the understanding of the 
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SCZ-MI relationship. Fifth, due to the limitation of the NLP technique employed in this 

study, we did not separate different study types (e.g., human, animal, or cell line) when 

building the pathway given in Figures IV.1ï3. 

 

4.5 CONCLUSION 

We identified 19 SCZ-driven MI-regulators at different biological levels, and 

SCZ exerts an overall negative influence on MI through the regulation of most of them 

(18 out of 19). Our results indicated the complexity of the connection between SCZ and 

MI and may add new insights into the understanding of the negative role that SCZ plays 

in the pathology of MI. 
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Abstract 

Adult patients with atopic dermatitis (AD) present relatively higher rates of major 

depressive disorder (MDD). However, the underlying mechanism is largely unknown. 

Here, we first conducted a systematic literature-based data mining to identify entities 

linking AD and MDD, including proteins, cells, functional classes, and small molecules. 

Then we conducted an AD-RNA expression data-based mega-analysis to test the 

expression variance of the genes that were regulators of MDD. After that, a Fisher Exact 

test-based pathway enrichment analysis (PEA) was performed to explore the AD-driven 

MDD-genetic regulatorsô functionality. We identified 22 AD-driven entities that were up-

stream MDD regulators, including 11 genes, seven small molecules, three functional 

classes, and one cell. AD could exert a promoting effect on the development of MDD. 

Four of the 11 genes demonstrated significant expression changes in AD patients in favor 

of the development of MDD. PEA results showed that AD mainly drives 

cytokine/chemokine regulation and neuroinflammatory response-related pathways to 

influence the pathological development of MDD. Our results supported the promotion 

role of AD in the pathological development of MDD, including the regulation of multiple 

genetic regulators of MDD involved in cytokine/chemokine regulation and inflammatory 

response. 

 

 



97 

 

5.1 INTRODUCTION  

Atopic dermatitis (AD), also known as atopic eczema, is long-term inflammation 

of the skin. AD is characterized by pruritic erythema lesions, commonly located in 

curved areas, face, and hands (Tollefson et al., 2014). AD is not fatal, but the 

accompanying irritation, itching, and other symptoms can cause sleep disturbance and 

heat sensation, thereby increasing AD patientsô psychological burden (Absolon et al., 

1997). For example, a case and control study conducted in school-aged children indicated 

that AD cases are at high risk of developing psychological difficulties (Absolon et al., 

1997). 

The relationship between AD symptoms and the prevalence of depression was 

reported, such as major depressive disorder (Hashiro and Okumura, 1997; Gupta and 

Gupta, 1998; Sanna et al., 2014; Cheng et al., 2015; Lee and Shin, 2017). Major 

depressive disorder (MDD), also known as depression, is a mental disorder characterized 

by at least 2 weeks of pervasive low mood. It has been reported that adult patients with 

AD had relatively higher rates of clinical depression, antidepressant use, and suicidality 

(Cheng and Silverberg, 2019). Approximately 1 in 3 adults with AD met diagnostic 

criteria for MDD (Blaiss, 2019). Besides, the associationsô strengths varied depending on 

the severity of AD symptoms (Hashiro and Okumura, 1994; Sanna et al., 2014). Hashiro 

et al. reported that patients with AD increased the scores according to the severity of their 

AD on a psychological disturbances scale (Hashiro and Okumura, 1994). Other cross-

sectional, population-based studies found consistent results (Sanna et al., 2014). 
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Although there have been concerns about MDD among patients with AD, the 

underlying mechanism that AD promotes the development of MDD is largely unknown. 

Here, we hypothesize that the AD-driven molecule changes in patients may promote the 

development of MDD. We first conducted a systematic literature data mining to uncover 

connections between AD and MDD at different levels. Then, we performed a mega-

analysis to test the expression levels of MDD regulators (genes) in the case of AD. At 

last, a gene set enrichment analysis was conducted to explore the functional profile of the 

genetic regulators of MDD that was also driven by AD. Our results enabled us to uncover 

functional networks and pathways that may partially explain ADôs influences on MDD. 

 

5.2 MATERIALS AND METHODS  

To explore the underlying mechanism of increased MDD risk for patients with 

AD, we first conducted a systematic literature-based data mining to identify entities 

linking AD and MDD, including proteins, cells, functional classes, and small molecules. 

Then we conducted an AD-RNA expression data-based mega-analysis to test the 

expression variance of the genes that were regulators of MDD. After that, we performed 

pathway analysis to explore the functionality of the AD-driven MDD-genetic regulators. 

We provide the workflow diagram of this study in Figure V.1. 

 



99 

 

 
Figure V.1: Workflow diagram. 

 

5.2-a) Literature -Based Data Mining to Identify Atopic Dermatitis-Major 

Depressive Disorder Linkage 

Predominant molecular pathways and networks are becoming a common aid in 

inferring novel pathophysiological insights from changes in the levels of various 

biomolecules profiled in a high-throughput fashion (Ochs, 2010). Here, assisted by the 

tool Pathway Studio1 (version 12.3.0.16), we conducted systematic literature-data mining 

to uncover biological factors linking AD to MDD. Pathway Studio contains a literature-

based database covering over 24 million PubMed abstracts and over 3.5 million Elsevier 

and 3rd part full-text papers. It contains 13 types of entities, including 138,106 genes, 

1,053,259 small molecules, 5,489 functional classes, and 4,155 cells. There were about 

12.8 million relations identified among these entities, with each of them being supported 

by one or more references. Here, we identified the biological factors influencing AD and 

also were regulators of MDD and provided the relevant information for the references 

supporting each of these relations in Supplementary Material 
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AD_MDDŸRef4AD_MDD. Specifically, we first identified the cells, functional classes, 

small molecules, and genes that regulate MDD by employing the network building 

function of Pathway Studio. These molecules were identified through literature data 

mining to show the relationship with MDD. Details regarding the network building 

function of Pathway Studio were described in 

https://supportcontent.elsevier.com/Support%20Hub/Pathway%20Studio/7680_Network_

Builder.pdf. Then, following the same process, we identified the items that were 

regulated by AD. All relationships without polarity (positive or negative) were filtered 

out. Then the overlapped items were used to construct the network that connects AD and 

MDD. The definition of different entities and relationships within the network were 

presented in 

https://supportcontent.elsevier.com/RightNow%20Next%20Gen/Pathway%20Studio/268

3_PS_QuickStartGuide_2020.pdf. 

 

5.2-b) Gene Expression Data Selected for Mega-Analysis 

Following the initial search with óatopic dermatitisô, 103 microarray expression 

datasets were identified on gene expression omnibus (GEO).[2] Subsequently, the 

following criteria were applied: 

1) The organism used in the study was Homo sapiens. 

2) The data type was microarray expression profiling. 

3) The studies were limited to a comparison between AD and healthy controls. 

4) The original data and the corresponding format file were downloadable. 
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A total of nine datasets satisfied the mega-analysisô inclusion criteria. We 

provided the information of these datasets in Table V.1. 

 

 

Table V.1: The 9 AD expression datasets employed for mega-analysis 

Dataset GEO ID nControl nCase Country studyAge SampleOrganism 

GSE5667 5 12 USA 15 Homo sapiens 

GSE6012 10 10 Sweden 15 Homo sapiens 

GSE16161 9 9 USA 12 Homo sapiens 

GSE26952 7 5 USA 10 Homo sapiens 

GSE32924 8 25 USA 10 Homo sapiens 

GSE60709 21 12 Germany 7 Homo sapiens 

GSE116486 18 28 USA 3 Homo sapiens 

GSE120721 22 30 USA 3 Homo sapiens 

GSE153007 5 24 USA 1 Homo sapiens 

 

5.2-c) Mega-Analysis Models 

For the 203 genes that were upstream regulators of MDD (see Supplementary 

Material AD_MDDŸMDD Regulators), we performed a partial mega-analysis (Dong et 

al., 2020) using the nine RNA expression data presented in Table V.1. The log2 fold-

change (LFC) of the gene expression level was used to indicate the effect size. Both 

fixed-effect and random-effects models were employed to investigate and compare the 

effect size (Borenstein et al., 2010). Mega-analysis is a one-stage approach that analyzes 

all individual datasets in one statistical model to estimate an overall effect, and meta-

analysis is a two-stage approach, analyzing the individual datasets from each study 

separately to obtain summary data and then using standard meta-analytical techniques, 

such as a random-effects meta-analysis model (Boedhoe et al., 2019). In this study, the 
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term ñmega-analysisò instead of ñmeta-analysisò was used to reflect the fact that the 

effect size of each gene was calculated from the original data using one statistical 

analysis workflow rather than extracted summary results from previous studies. 

The heterogeneity of the mega-analysis was analyzed to study the variance within 

and between different studies. In the case that the total variance (Q) was equal to or 

smaller than the expected between-study variance (df), the within-study variance 

percentage (ISq) = 100% * (Q-df)/Q was set at 0, and a fixed-effect model was selected 

for the mega-analysis. Otherwise, a random-effects model was selected. Q-p represents 

the probability that the total variance was only due to within-study variance. The current 

study presented all the mega-analysis results identified in AD_MDDŸMega-analysis. 

All analyses were performed using Matlab (version R2017a3). Mega-analysis package 

was developed according to the algorithm developed in (Borenstein et al., 2010). 

Among the 203 genes tested in mega-analysis, those showing significant 

expression changes in AD patients were identified, and their relationship with MDD was 

studied through Pathway Studio-assisted literature data mining. The results will be used 

to construct an additional functional network that may add more insights into the 

ADMDD regulation mechanism. 

 

5.2-d) Multiple Linear Regression Analysis 

A multiple linear regression (MLR) model was employed to investigate the 

possible influence of sample size, country of origin, and study date on the gene 

expression in the case of AD. p-values were reported for each of these factors. 
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5.2-e) Pathway Enrichment Analysis and Protein-Protein Interaction Analysis 

To test the functional profile of the genes involved in the AD-driven MDD 

genetic regulators, a Pathway Enrichment Analysis (PEA) was conducted using Pathway 

Studio (version 12.1.0.16)4 against Gene Ontology (GO).5 Fisher Exact test p-value was 

used to determine the overlap between an input gene list and a GO term.6 The PEA 

results were reported with enrichment p-value corrected using the original Benjamini and 

Hochberg false discovery ratio (FDR) procedure (Benjamini and Hochberg, 1995). Based 

on the PEA results, a protein-protein interaction (PPI) network was constructed. Two 

genes were recognized as connected if they were identified to play roles within at least 

one common pathway or functional group. We also employed Human Reference 

Interactome (HuRI) to explore the physical interactions of proteins we found relevant 

with mega-analysis. 

 

5.2-f) Pathway Analysis Using Protein-Protein Interactions of Identified Biomarkers 

The methods described in Chapter 2.4 have been applied to the specific case. The 

queries are built around a disease ñADMDDò that connects with the identified important 

genes; ADMDD became the starting point (disease) for building PPI networks. The 

queries can be found in the appendix section. 
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5.3 RESULTS 

5.3-a) The Common Genes Between Atopic Dermatitis and Major Depressive 

Disorder 

Through large-scale literature data mining, we identified 18 AD-driven entities 

that were up-stream MDD regulators, as shown in Figure V.2. These 18 entities include 

seven genes, seven small molecules, three functional classes, and one cell. Three of these 

entities were MDD inhibitors, including vitamin D3, Mg2+, and ascorbic acid. AD could 

promote the development of MDD by deactivating these AD inhibitors. On the other 

hand, AD could activate 15 MDD promoters, which may exert stronger promoting effects 

on the development of MDD. In the Supplementary Material 

AD_MDDŸRef4AD_MDD, the reference-related information was provided for each of 

these relationships in Figure V.2, including titles and sentences where these relationships 

were identified. 

 
























































































































































