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ABSTRACT 

 

Metabolomics is defined as a quantitative analysis method applied to the metabolome in a 

biological sample. As the most downstream of biological systems, the metabolome has been 

referred to as the link between genotype and phenotype. As a consequence, exploring the 

metabolome potentially reveals important phenotypic changes caused by pathophysiological 

or medical abnormalities, making metabolomics a promising tool for biomarker discovery. 

Systems metabolomics is the simultaneous assessment and analysis of metabolomics 

datasets in conjunction with other Omics datasets such as genetic variation in DNA sequence, 

DNA epigenetic modification, and gene expression. The promise of this approach is to 

provide a holistic view of a biological system. However, many challenges, ranging from 

measurement technologies to analysis methods, have to be overcome before this approach 

can be used for biomarker discovery. This dissertation focuses on two primary challenges in 

metabolomics-based biomarker discovery: metabolite identification and selection of 

biologically important biomarker candidates.  

 

Metabolite identification is a critical and challenging step in mass spectrometry-based 

metabolomic profiling. In a typical untargeted LC-MS/MS-based metabolomics analysis, 

metabolite identification is performed using orthogonal features such as m/z, retention time, 

and MS/MS spectrum. The latter uses experimental MS/MS spectra to match them against 
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those in spectral libraries for metabolite identification. Yet, existing spectral libraries contain 

only a small percentage of spectra for compounds found in living organisms. A new method, 

MetFID (Metabolite Fingerprint IDentification), is introduced for identification of 

metabolites whose reference MS/MS spectra are not currently present in spectral libraries. 

This is accomplished with an artificial neural network (ANN) which is utilized to predict 

molecular fingerprints from experimental MS/MS spectra. To narrow the search space, 

MetFID retrieves candidate molecules from metabolite databases using molecular formulae 

or m/z values of precursor ions. The candidate whose fingerprint is most similar to the 

predicted fingerprint is used for metabolite identification. We observed that training separate 

models for a pre-specified narrow range of collision energies helps enhance model 

performance compared to a model that covers a wide range of collision energies. Evaluation 

was performed by training MetFID using MS/MS spectra from the MoNA repository and 

the NIST 17 library and testing with structure-disjoint (training spectra do not include spectra 

which have the same first part of InChIKey with testing spectra), MS/MS spectra from the 

NIST 17 library, the CASMI 2016 dataset, and in-house MS/MS data from a cancer 

biomarker discovery study. We demonstrated that MetFID attains greater accuracy with 

regard to metabolite identification compared to other tools such as ChemDistiller, 

CSI:FingerID, and MetFrag.  

 

A great amount of effort has been devoted to investigating methods to select biologically 

important biomarkers which are generalizable for a wide population. Functional layers of 

the biological system include the genome, transcriptome, proteome, and metabolome. The 

integrative analysis of data from a large number of molecules involved in various layers of 
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the biological system offers a promising approach to rank disease biomarker candidates. 

Furthermore, the relationship between biomolecules can be conceptualized as a network-

based regulatory system within a single biological layer or across different biological layers. 

Considering this, we introduce a network-based method, MOTA, which analyzes multi-

omics dataset aiming to rank candidate metabolite biomarkers. The network constructed by 

MOTA reveals the altered correlation (regulatory) relationship between biomolecules 

caused by a disease state. We evaluated the performance of MOTA in ranking disease-

associated molecules from three sets of multi-omics data representing three cohorts of 

hepatocellular carcinoma (HCC) cases and patients with liver cirrhosis. MOTA identified 

more metabolite biomarker candidates within in the top 10 ranks shared by two different 

cohorts compared to traditional statistical methods. Moreover, the mRNA candidates top-

ranked by MOTA contains more cancer driver genes compared to those ranked by other 

methods, such as Student t-test or iDINGO. 

 

Together, the proposed methods for metabolite identification and biomarker selection will 

contribute to systems metabolomics by exploring the role of metabolomics in systems 

biology research for biomarker discovery.  
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1 Introduction 

 

1.1 Background  

Metabolomics allows high-throughput analysis of metabolites in biological systems. The 

metabolome of an organism is defined as the complete set of small-molecule metabolites, 

including metabolomic intermediates and products, hormones, and signaling molecules [1]. 

Biological processes are dictated by a succession: they start with the genome, which informs 

the transcriptome, which consequently influences the proteome and, finally, all of these 

processes impact the metabolome. As the metabolome is the endpoint of these biological 

processes, it has been referred to as the direct link between genotype and phenotype. As a 

consequence, exploring the metabolome is a promising way to reveal important phenotypic 

changes caused by pathophysiological or medical abnormalities, making metabolomics a 

promising tool for biomarker discovery.  

 

Figure 1. A pipeline for metabolomics-based biomarker discovery. 
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Figure 1 shows a general pipeline for metabolomics-based disease biomarker discovery. 

Liquid chromatography-mass spectrometry (LC-MS), gas chromatography-mass 

spectrometry (GC-MS), and nuclear magnetic resonance (NMR) are the most common 

analytical platforms typically used for metabolite biomarker discovery. Following biological 

sample collection and preparation, samples are analyzed using one or more of these 

platforms and data preprocessing steps, such as peak detection, alignment, and normalization, 

are carried out. Compound identification is performed to assign putative metabolite IDs to 

the detected peaks. To select candidate biomarkers, statistical analyses, such as Student t-

test and ANOVA, are applied to the preprocessed data. Selected and putatively identified 

peaks are typically subjected to MS/MS based analysis to verify their identity followed by 

targeted quantitation of biomolecules using multiple reaction monitoring (MRM) on triple 

quadrupole mass spectrometers. Metabolite identification and biomarker selection methods 

are among the primary challenges researchers are facing in the field of metabolomics-based 

biomarker discovery. 

 

1.2 Metabolite Identification 

LC-MS-driven metabolite identification is currently a major challenge [2].  Mass-based 

search of compound libraries is a commonly used method. However, relying solely upon 

mass search often leads to multiple matched putative IDs that require more information to 

rank them or determine the correct ID. Table 1 presents multiple putative IDs obtained by 

mass-based search. Therefore, additional orthogonal features, such as retention time and 

MS/MS data, are needed for metabolite identification.  

 



 
 

3 
 

 

Table 1. An example of a list of putative IDs obtained by mass-based search using 
MetaboQuest. 

 

 

1.2.1 Searching in spectral libraries 

 

Figure 2. Schematic representation of MS/MS spectrum acquired by collision induced 
dissociation. 

 

Figure 2 depicts a schematic representation of the MS/MS data acquisition [2].  Succinctly, 

MS/MS data of an analyte is acquired by fragmenting precursor ions resulting in MS/MS 

spectra. The spectra are compared against reference spectra curated in spectral libraries for 

metabolite identification. The candidate molecules from the database are ranked based on 
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the similarity of their spectra with the query spectrum and the best matched candidates are 

returned. However, only a small proportion of currently known compounds have reference 

spectra curated in spectral libraries. Therefore, the ability to identify compounds through 

spectral matching is also limited. As shown in Table 2, HMDB is one of the primary human 

metabolite databases and it only contains 2,000 metabolites with experimental reference 

spectra [3]. This is in contrast to around 240,000 currently known human metabolites [4]. 

Several examples of commonly used metabolite databases and spectral libraries are listed in 

Table 2. Approximately 760,000 metabolites (METLIN contains spectra for around 500K 

compounds but they do not report the composition of these compounds) have reference 

MS/MS spectra in these databases, including 190,000 compounds which only have in-silico 

predicted MS/MS spectra which are not as reliable as experimental spectra. This represents 

merely a small fraction of the 96 million compounds in the PubChem database [5]. Therefore, 

the shortage of reference spectra for metabolite identification necessitates developing new 

tools to identify metabolites missing from reference spectral libraries.   

 
Table 2.  Statistics of commonly used metabolite/spectral libraries (databases).  
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Several computational approaches have been investigated, aiding in the process of MS/MS-

based metabolite identification [4]. These approaches fall into three main categories: (1) 

rule-based fragmentation prediction method, (2) combinatorial-based method and (3) 

machine learning method [4][6].  

1.2.2 Rule-based methods 

Rule-based methods work by predicting MS/MS spectra for all candidate compounds, which 

can be retrieved using mass-based search from metabolite databases and by applying 

fragmentation rules given structural information. The candidate with the best matched 

spectrum to the experimental spectrum is the final identification [4]. In actuality, these rules 

are general and heuristic; they are extrapolated from observed fragmentation processes of 

elucidated MS/MS spectra and are collected manually from the literature. Mass Frontier [7] 

is a typical commercial software tool developed by HighChem. Mass Frontier predicts the 

fragmentation pattern for a compound based on a built-in fragmentation rule library. The 

rule library also can be customized by users based on their specific research needs. 

MASSIMO  [8] summarizes structure-specific cleavage rules and divides them into 26 

different categories. To predict the fragmentation pattern of a molecule, the tools starts by 

assigning the molecule into a specific structural category or multiple categories. Then, a 

corresponding set of rules is applied to obtain a series of fragments. However, the 

disadvantage of these types of methods is that fragmentation processes can be significantly 

changed due to a small difference in compound structure or experimental setup. Therefore, 

a fragmentation rule collected from a known fragmentation of a molecule may not be 

applicable to another structure [16].  
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1.2.3 Combinatorial-based methods 

In contrast to rule-based fragmentation methods, combinatorial-based methods aim at 

explaining the peaks in an experimental spectrum. One essential assumption behind this 

method is that peaks from a measured spectrum mainly result from the fragmentation of its 

precursor ion caused by bond disconnection [9]. This type of method starts by assigning 

cleaving costs for each chemical bond in a given candidate compound. These costs help 

convey that some bonds break easier than other bonds and generate different sets of possible 

substructures. The final step is to explain each peak of the measured spectrum using 

substructures generated with the minimum cost. Heinonen et al. [10] proposed a Mixed 

Integer Linear Program (MILP) algorithm to approximate costs of bound cleavages, however, 

its high computational complexity makes it barely feasible to even process medium-sized 

molecules in an efficient manner. MetFrag addresses this issue by optimizing the algorithm 

to limit the number of allowed cleaves [11]. MetFusion, developed by Gerlich et. Al, 

improves MetFrag by combining it with a spectral library search in MassBank [9]. However, 

the accuracy of cleaving costs’ assignment for chemical bonds remains an ongoing problem 

in the field and algorithms are still not adequately efficient to analyze compounds with high 

molecular weight [16]. 

 

1.2.1 Machine-learning-based methods 

Our lab previously applied a support vector machine (SVM) to improve accuracy of spectral 

matching of experimental MS/MS spectra to those in spectral libraries [12]. Since 2012, 

other papers have reported using machine learning for compound fingerprint prediction as 
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an intermediate step for metabolite identification [13]–[15]. A compound’s fingerprint is 

represented by a vector with each element of the vector being a binary value representing 

the presence or absence of a singular property or substructure (e.g. aromatic ring, aldehyde, 

etc.) of the compound determined by a range of tools [16]. SMARTS pattern-based 

fingerprint is commonly used in this task which is a language for describing molecular 

functional groups or molecular patterns. A trained machine-learning model receives an 

MS/MS spectrum of an unknown compound as input and predicts its fingerprint as output. 

The fingerprint similarity between the unknown compound and its candidates retrieved from 

a compound database is calculated via a scoring function. Lastly, fingerprint similarity 

scores are ranked and the candidate with the highest rank becomes the identification. 

Previously, a variety of machine learning methods were pursued to predict molecular 

fingerprints of analytes. For example, SIMPLE is a tool that predicts the fingerprint of an 

unknown compound based on its MS/MS spectrum via a regression model. An advantageous 

feature of SIMPLE is its specialized regression equation which can consider pair-wise peak 

interactions [13]. Brouard et al. adopted the Input Output Kernel Regression method to learn 

the mapping between MS/MS spectra and molecular structure [17]. Li et al. designed SF-

matching using Random Forest to predict if a certain spectrum can be generated from a given 

structure [15]. Another tool, FingerID, predicts the fingerprint based on different classes of 

features extracted for different MS kernels [18]. FingerID’s successor, CSI:FingerID, 

applied fragmentation trees with a multiple kernel learning method to enhance classifier 

performance [14]. However, a significant disadvantage that all of these methods share is that 

they involve multiple models meaning a singular model can only predict one digit or one 
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block of the fingerprint. This approach neglects the latent hidden relationship between the 

digits within a fingerprint. 

 

1.3 Biomarker Candidate Selection 

1.3.1 Statistical and machine learning-based methods 

Statistical methods and machine learning methods are two categories of methods that are 

commonly used for biomarker selection in Omics studies. Student t-test, ANOVA, and 

Significance Analysis of Microarrays (SAM) are commonly used test-based statistical 

methods to rank molecules based on their significance level of differential expression in 

distinct biological groups in Omics study [19]–[21]. Regularization-based methods work by 

adding a penalty term to the original model and aim to obtain a sparse set of features. Least 

absolute shrinkage and selection operator (LASSO), smoothly clipped absolute deviation 

(SCAD), and minimax convex penalty (MCP) are among the important methods in this 

category.  

 

Machine learning methods have also been used to accomplish this task, utilizing their built-

in feature selection capabilities. Wang et al. adopted the support vector machine-recursive 

feature elimination (SVM-RFE) procedure to rank and select features based on the 

importance of features from multiple Omics datasets and improved model classification 

performance [22]. Melo et al. used Random Forest (RF) to recognize risk factors, which 

became  important in characterizing Zika virus infected patients [23]. Alakwaa et al. adopted 

a deep learning model to predict estrogen receptor status from metabolomics data and rank 
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features (metabolites) based on the contribution made to the model performance. However, 

molecules selected by these methods tend to be constrained with their prediction ability, 

making it hard to use these methods for meaningful biological interpretation. For instance, 

Pandey et al. had a large testing dataset and still achieved strong predictive values and 

sensitivity for asthma prediction based on genes selected by l2-regularized logistic 

regression model [24]. However, pathway enrichment analysis from selected features did 

not yield biological processes relevant to the disease under study [24]. Also, different 

biomarker candidates have been reported for different cohorts of the same study using these 

types of methods, thereby making the candidates less generalizable as disease biomarkers 

[25]. This phenomenon has been observed in the search for gastric cancer biomarkers [26], 

[27].  

 

1.3.1 Network-based methods 

The shortcomings in using statistical and machine learning methods for biomarker selection 

may be attributed to the fact that biomolecules are members of strongly intertwined 

biological pathways and are highly interactive with each other. Without considering these 

interactions, differential expression analysis will easily yield biased results and lead to a 

fragmented picture.  

 

Network-based methods have become an intuitive way to reconstruct biological networks 

that help investigate the interaction of biomolecules and find disease-associated changes at 

the system level. For example, relevance network is widely used data-driven methods to 

model biological systems due to its simplicity [28]. It measures ‘relevance’ by correlation, 
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or mutual information between two biomolecules, and set a threshold to determine whether 

they are relevant or not. However, this method fails to distinguish direct and indirect 

associations, especially when dealing with high-dimensional Omics datasets. This 

phenomenon is taken into consideration by the Gaussian graphical model (GGM), which 

estimates the conditional dependency between two features in a dataset by removing the 

effect brought by others using partial correlation [29], [30][31]. Krumsiek et al. used GGM 

to analyze metabolomics data acquired from a large human population cohort and found that 

GGM generates rather sparse and robust networks compared to Pearson correlation [32]. 

They also observed that metabolites from known metabolic reactions are connected by edges 

with high partial correlation coefficients. 

 

However, interactions between biomolecules within a single layer (e.g., intra-omic 

interactions among mRNAs) are insufficient to depict a holistic picture of a biological 

system. Different biological layers are under a tightly coordinated or regulatory relationship. 

For example, the transcription of mRNA from its DNA template is under the control of its 

transcription factors, which generally are protein molecules. Similarly, metabolic reactions 

are carried out by enzymes, which are also protein molecules or complexes. Therefore, an 

integrative framework covering interactions over different biological layers help to gain a 

more comprehensive understanding of biological systems. Similar to the idea of constructing 

intra-omic connections, correlation-based methods can also be applied to investigate inter-

omic connections. It has been reported that multivariate methods outperform univariate 

correlation analyses (Pearson correlation, partial correlation, etc.) for calculating the 

correlation between different datasets [33]. Canonical correlation analysis (CCA) and partial 
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least-squares regression (PLS) are commonly used multivariate approaches to explore 

associations of features between two omics studies [34][35]. Whereas CCA aims to find 

weighted linear combinations of variables maximizing the correlation between two datasets, 

PLS focuses on covariance rather than correlation. Huan et al. combined multimodal 

metabolomics analysis with proteomics and transcriptomics data to identify dysregulated 

metabolites and pathways [36]. WGCNA tool kit proposed by Langfelder et. al is able to 

analyze multiple Omics datasets, compare two co-expression networks (two distinct 

biological groups), and quantify the preservation of the two networks using some 

preservation statistics, such as module separability statistics, eigennode-based density 

preservation statistics, etc. [37]. However, both of these methods do not provide the 

capability to rank features. Consequently, new integrative methods that are able to rank 

(prioritize) features are highly desirable. 

 

1.4 Objective and Thesis Statement  

To advance metabolomics-based biomarker discovery, methods that can address two major 

challenges (metabolite identification and biomarker candidate selection) are proposed in 

Aims 1 and 2 of this dissertation. Aim 1 is to develop a method that helps rank metabolite 

putative IDs by predicting the molecular fingerprints of unknown metabolites from 

experimental spectra whose reference MS/MS spectra are not currently present in spectral 

libraries. Aim 2 proposes a systems metabolomics approach to address the task of biomarker 

selection. The goal is to select metabolite biomarkers which are more consistent with real 

world biological and disease outcomes by integrating multi-omics datasets.  
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Figure 3. A systems metabolomics approach for biomarker discovery. After acquisition 
of MS/MS spectra for analytes detected in the samples, Aim 1 helps enhance the accuracy 
of metabolite identification and Aim 2 integrates metabolomics with other omics studies 
(e.g., transcriptomics, proteomics, etc.) to select metabolite biomarkers. 

 

Figure 3 depicts a simplified schema for the pipeline of a systems metabolomics approach 

in biomarker discovery and the role of the two specific aims in the pipeline. A more accurate 

metabolite identification is not only important in helping us to learn the identity of the 

analyte of our interest, it may also benefit downstream algorithms of biomarker selection if 

prior knowledge is needed. Aim 1 proposes a metabolite annotation method assisting in the 

process of metabolite identification in cases where multiple putative IDs are retrieved from 

mass-based search or the unknown experimental spectrum is missing from the spectral 

library. Functional layers of the biological system include the genome, transcriptome, 

proteome, and metabolome. The promise of this systems metabolomics approach we propose 
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in Aim 2 is to take biomolecules from multiple biological layers into consideration for 

metabolite biomarker discovery and, therefore, to select biologically important biomarkers 

that are generalizable for a wide population. 

 
 

1.5 Organization of Dissertation 

The remainder of this dissertation is organized as follows. In Chapter 2, we introduce 

MetFID, a method that uses artificial neural network (ANN) for molecular fingerprint 

prediction and ranks putative metabolite IDs. The performance of MetFID is compared 

against other existing tools using NIST 17 spectra, the CASMI 2016 benchmark dataset, and 

in-house MS/MS data. In Chapter 3, we introduce MOTA, a network-based method for 

biomarker selection through integrative analysis of multi-omics data. The performance of 

MOTA is evaluated via three sets of multi-omics datasets acquired from three cohorts of 

hepatocellular carcinoma (HCC) patients. Chapter 4 concludes this dissertation and 

discusses future work.  
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2. Artificial Neural Network Based Compound Fingerprint Prediction 

for Metabolite Identification 

2.1 Introduction 

Metabolites are positioned farthest downstream in the hierarchical regulatory processes of a 

biological system and are therefore generally recognized to be the most correlated with 

biological phenotype [38], [39]. Therefore, metabolomics, a quantitative method measuring 

the levels of thousands of metabolites in a biological sample, has become an effective 

strategy in exploring biomarkers for diagnosis, treatment, and mechanistic studies [40]. A 

commonly employed analytical platform for metabolomics studies includes mass 

spectrometry coupled with liquid chromatography (LC). Liquid chromatography mass 

spectrometry (LC-MS) has risen in prominence in the field of metabolomics due to its ability 

to analyze a sizable number of metabolites with a limited amount of biological material 

compared to other platforms. Nonetheless, metabolite identification of analytes detected by 

LC-MS still remains an immense challenge [2]. 

 

Various properties of the analyte detected by LC-MS are needed to accurately determine the 

identify of a metabolite. These include m/z, retention time, spectral fragmentation, etc. [41]. 

In particular, MS/MS spectrum of an analyte is an invaluable resource for metabolite 

identification and structural elucidation as it unveils a considerable amount of information 

about the substructure of the compound [42]. Different types of molecular fragmentation or 

dissociation techniques such as collision cell or ion trap, and different experimental setups 

(e.g. different collision energies) are used to generate MS/MS spectra. The most common 
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approach to utilize MS/MS spectra for metabolite identification is through spectral matching 

against those in libraries such as HMDB, METLIN, GNPS, NIST (National Institute of 

Standards and Technology, v17), etc. [3][43][44]. However, only a minute fraction of known 

compounds have curated their MS/MS spectra in these spectral libraries and thus the ability 

to annotate ‘known unknowns’ through MS/MS spectral matching is largely limited [45]. 

Such a limitation necessitates developing novel methods to close the gap between existing 

experimental spectra and spectra absent from libraries. 

 

A significant disadvantage that most of the current methods share is that they involve 

multiple models where a singular model can only predict one digit or one block of the 

fingerprint. This approach neglects the latent hidden relationship between the digits within 

a fingerprint. To address this, we propose MetFID (Metabolite Fingerprint IDentification), 

which is a multi-class  multi-label task formulation using an artificial neural network (ANN) 

to predict a vector representing a compound’s fingerprint at once [46]. MetFID is used for 

metabolite identification by using predicted compound fingerprints to rank candidate 

compounds retrieved from metabolite databases based on the similarity with the predicted 

fingerprint. We performed a comprehensive evaluation of MetFID against other tools such 

as MetFrag, ChemDistiller, and CSI:FingerID using MS/MS spectra from the NIST library,  

the CASMI 2016 dataset, and in-house MS/MS data from cancer biomarker discovery study. 

Our evaluation results indicate that MetFID offers the opportunity to enhance accuracy of 

metabolite identification compared to existing tools. Also, we observed that the use of 

separate ANNs trained for different collision energy ranges helps enhance the fingerprint 

prediction performance. 
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2.2 Method Rationale  

MetFID is an ANN-based method assisting in metabolite identification by ranking putative 

IDs based on the similarity with predicted fingerprint for an unknown experimental 

spectrum. In a typical metabolite biomarker discovery experiment, metabolite identification 

is followed by an experimental metabolite ID verification step where reference compounds 

are run side by side with the samples for comparison. This is typically expensive and time 

consuming. The use of prediction tools such as MetFID allows users to rank putative IDs, 

thereby reducing the time and cost of experimental verification. 

 

2.3 Method 

2.3.1 Workflow overview 

The MetFID workflow consists of two phases (training and prediction), as depicted in Figure 

4. In the training phase, an ANN is trained using MS/MS data from spectral libraries to map 

the relationship between MS/MS spectra (input to ANN) and compound fingerprints are 

calculated (output of ANN). In the prediction phase, an MS/MS spectrum of an analyte is 

fed into the trained ANN to predict the molecular fingerprint of the compound. Databases 

(e.g. MetaboQuest, HMDB, PubChem, etc.) are searched by the m/z value of the precursor 

ion or by the molecular formula of the compound to retrieve potential candidate compounds. 

Each candidate compound is then given a similarity score which is calculated by the 

similarity scoring function. In the subsequent sections, dataset preparation and the steps of 

the workflow are discussed in detail. 
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Figure 4. Workflow of MetFID. 

 

2.3.2 Dataset 

The core task in MetFID is training an ANN using MS/MS spectra of known compounds 

(input) and their pre-calculated molecular fingerprints (output). The trained ANN is then 

used to predict an unknown compound’s fingerprint by using its experimental MS/MS. 

Although fragmentation patterns are largely determined by molecular structures, different 

fragmentation techniques and experimental setups employed by mass spectrometers may 

generate different fragmentation patterns for the same compound. Therefore, we developed 

a pipeline, shown in Figure 5, to obtain a relatively homogeneous dataset for model training.  
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Figure 5. Steps involved in processing spectra prior to training an Artificial Neural 
Network. 

 

Downloading Training MS/MS Spectra: We downloaded MS/MS spectra from the 

following libraries available in the MoNA repository [47]: Vaniya/Fiehn Natural Products 

Library, GNPS, RIKEN PlaSMA, MassBank, and Fiehn HILIC. In addition, we obtained the 

NIST 17 library from one of NIST’s MS/MS library distributors. For the remainder of this 

dissertation, we will refer to MS/MS data downloaded from MoNA as MoNA spectra and 

those downloaded from NIST 17 as NIST 17 spectra. 

Scaling and Filtering: We scaled the peak intensities such that all intensity values between 

0 and 100. Spectra that consisted of fewer than five peaks with relative intensity above 2% 

were removed [14].  

Denoising: We recognize that spectra with substantial amount of noise and peaks that are 

very close to the baseline may affect the training of ANNs. To address this, we first identified 

peaks with the highest intensity with a greater mass than the precursor mass. Then, we 

removed peaks whose intensity values were smaller than that the highest intensity, 

subsequently removing all peaks with intensity lower than 10. 

Selecting Spectra: To make the training MS/MS data as homogeneous as possible, we 

selected those that meet the following criteria: (a) acquired in the positive mode; b) acquired 
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via instruments that use collision cell (HCD, QqQ, and Q-TOF) or ion trap Fourier 

transformation (ITFT); (c) fall within a mass range of 100 to 1010 Da; and (d) consist of 

only one of two forms of adducts (H+ or NH4+). After this step, we obtained 11,784 MoNA 

spectra representing 5,667 compounds and 122,481 NIST 17 spectra representing 10,730 

compounds. Thus, a total of 15,228 unique compounds were considered, combining the 

spectra from MoNA and NIST 17.  

Merging Spectra: We merged multiple MS/MS spectra with different collision energies 

acquired from the same compound using InChIKey as a compound identifier. Peaks from 

these various MS/MS spectra were merged into one peak if their m/z difference was 0.1 or 

less and the mean of these peaks’ intensities became the new merged peak’s intensity. Note 

that all testing cases were single collision energy spectra, without merging those acquired at 

different collision energies. 

Calculating Loss Features: After fragmentation by MS/MS, only charged product ions can 

be detected and the non-charged (neutral) segments of the resulting fragment will not appear 

in the MS/MS spectrum. We refer to the latter as loss features. The m/z values of the loss 

features for each peak were determined by calculating the difference in m/z between 

precursor ion’s m/z and m/z value of each peak, thus we used the peak intensity as a proxy 

for the loss feature [48]. 

Binning: We binned the m/z range of each MS/MS spectrum into pre-specified bins that 

indicate continuous integer m/z values and calculated the accumulated intensities within 

each bin as feature values. We removed bins that consisted of all 0’s across the entire spectra 

in the training set. This binning method has been applied previously [4],[49]. The 
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distribution and statistics of the features in the training dataset are provided in the Figure 6 

and Table 3. 

 
 

Figure 6. Feature distribution for the training dataset. 15,228 spectra were selected for 
MetFID training from NIST17 and MONA libraries. 

 
 

Table 3. Feature statistics for training dataset. 

 

 

Determining Fingerprints: The molecular fingerprints of all compounds in the training set 

were determined using OpenBabel [16]. Specifically, MACCS, FP3, and FP4 fingerprints 

were determined and assembled into a vector comprising of 528 binary entries. 

Training ANN: ANN was trained to learn the relationship between spectral pattern and 

compound fingerprint. A review on the use of machine learning methods for compound 

fingerprint prediction is previously reported [4].  
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2.3.3 Architecture of Artificial Neural Network 

 

Figure 7. Architecure of the ANN. The numbers in parentheses indicate the number of 
nodes in each layer in the ANN.  

 

 
Figure 6 is a depiction of the architecture of the ANN we developed using the Keras python 

package on top of the TensorFlow backend. First, we converted the MS/MS spectra using 

binning into vectors to be used as input for the ANN. Three hidden layers of the ANN were 

created, following the input layer. Rectified linear unit (RLU) was used as an activation 

function. We chose this activation function to alleviate gradient vanishing problems. The 

benefit of ANN is that a single model, with multiple nodes in the output layer, can be used 

to predict all digits of a compound fingerprint without the need to build individual models 

for each digit. Therefore, prior to the fingerprint layer, sigmoid activation function and 

binary cross-entropy loss function were adopted instead of the combination of softmax 

activation and categorical cross-entropy loss function typically used for tasks involving 
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single labels. The proposed ANN architecture allows the prediction of the entire fingerprint 

at once in contrast to traditional digit-by-digit approach. For ANN training, ‘Adam’ 

optimizer was used. Epochs and batch size were 30 and 100, respectively. 

 

2.3.4 Candidate retrieval and ranking 

Metabolite databases and tools, such as METLIN, PubChem, MetaboQuest, and HMDB, 

offer different options for searching compounds, the most common are mass-based and 

formula-based search methods. In this study, we chose MetaboQuest to retrieve a candidate 

list based on the m/z values of the precursors (10 PPM, H+ adduct) corresponding to the 

MS/MS spectra. Furthermore, we used the molecular formulae provided in our downloaded 

MS/MS spectra to search candidates in PubChem, which consists of the largest number of 

compounds among currently available public compound databases [5]. We used PubChem 

to retrieve candidates for the purposes of comparing the performance of our method to other 

tools. As formula is required to query PubChem, we assumed that the formula for each 

spectrum in the testing set was known (formula is provided in the library we downloaded). 

In practical cases, where the formulae are unknown for experimental MS/MS spectra, 

putative compound formulae can be calculated based on m/z values of precursor ions using 

tools such as Sirius [50].  

 

We used the python package PubChemPy to query the PubChem database based on 

molecular formula. Once the candidate list is obtained from PubChem, OpenBabel was used 

to calculate a 528-digit fingerprint for each candidate compound. The similarity score 

between the predicted fingerprint of an unknown compound and fingerprints of the 
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candidates was computed using the formula in Eq. (1). The candidate with the fingerprint 

that possesses the highest similarity to the predicted fingerprint was used to determine the 

predicted identification of the unknown compound. 

𝛿(𝒇!, 𝒇) =			  1 − ∑ |𝒇!%𝒇|
&

                              Eq. (1) 

where 𝒇!and 𝒇 are the predicted and known fingerprint vectors, respectively, and n denotes 

the length of these vectors. We have tested different similarity measurement methods, 

including tanimoto index, cosine coefficient, Dice index. We have also tested the 

probabilistic method adopted by FingerID [18] which give different weights for each digit 

of the fingerprint based on the accuracy of classification. Finally, we proposed this method. 

 

2.3.5 Evaluation 

For evaluation, we used previously unseen compounds for testing (structure-disjoint, i.e. no 

training compound which has the same first part of the InChIKey is included in the testing 

set). The MS/MS spectra from these compounds were processed in the same way as the 

training dataset, with the exception of merging. Thus, the performance of the ANN is 

evaluated using individual MS/MS spectra (without merging those acquired by different 

collision energies) in terms of its ability to perform both fingerprint prediction and 

metabolite identification.  

 

To keep a balance between precision and recall, we adopted accuracy and F1 scores to 

measure fingerprint prediction performance for MetFID. Let TN, TP, FN, and FP denote the 

numbers of true negatives, true positives, false negatives, and false positives, respectively. 
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The precision equation is TP/TP+FP and the recall equation is TP/TP+FN. Eqs. (2) and (3) 

were used to compute the macro-average accuracy and F1 score, respectively.  

Accuracy = '()'*
'()'*)+()+*

																														 Eq. (2) 

F1 = 	 ,×./012324&×/01566
./012324&)/01566

																																			  Eq. (3) 

To assess the metabolite identification accuracy, MetaboQuest or PubChem was used to 

retrieve the candidate list. The candidates were then ranked according to the similarity score 

calculated in Eq. (1). To compute the metabolite identification accuracy for the top k 

predicted candidates, we search for the true compound ID in the top k predicted list [26]-

[30]. 

 

2.4 Results 

2.4.1 Multi-label setup outperforms one-model-one-digit setup 

As described in the method section, our ANN takes transformed spectrum vector as input 

and predicts all 528-digit fingerprint using only one trained model. This setup not only 

dramatically saves training time and computing power compared to previous methods, it also 

has the capability to explore the mutual interdependence between each digit of fingerprint. 

With this multi-label setup, the model will be tuned to optimize every digit of predicted 

binary value in the fingerprint of input compound which takes the encoded mutual 

relationship between digits (properties of a compound) into consideration. However, 

previous methods where multiple models are needed to be trained with each model 

predicting one digit of fingerprint could not consider this important information.  
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Table 4. Comparison between one-model-one-digit setup and multi-class multi-label 
setup. 

 One-model-one-digit 
setup Multi-class multi-label 

 w/o Loss feature w/o Loss feature w/ Loss feature 

Accuracy 91.02 93.76 94.05 

F1 67.84 73.29 76.21 

 

In order to confirm the advantage of multi-class multi-label setup, we conducted the 

following experiments using MoNA spectra. We fitted 528 ANN models in a total with each 

model predicting each digit of whole set of fingerprint. As shown in Table 4, this one-model-

one-digit setup achieved accuracy of 91.02 and F1 score of 67.84 (5-fold cross-validation). 

Next, we adopted the proposed multi-class multi-label setup and this method achieved 

accuracy of 93.76 and F1 score of 73.29 which was a significant improvement compared to 

one-model-one-digit setup which was adopted by existing tools. This result confirms the 

advantage of multi-class multi label setup over one-model-one-digit setup. Furthermore, we 

tested if proposed loss features help to improve prediction performance of neural network 

model. These features cannot be captured by mass spectrometry spectra directly, however, 

they contain information which cannot be calculated from recorded peaks. Our result shows 

that consideration of loss features help improve both accuracy and F1 score. 
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2.4.2 Training dataset and model separation based on collision energy 

To accomplish the task of predicting fingerprints of unknown compounds through their 

MS/MS spectra, an ANN needs to be trained via a training set to map the hidden relationship 

between MS/MS fragmentation patterns and molecular substructures/properties. In our 

prepared ANN training dataset, most of the compounds had more than one spectrum 

generated by different instrument types or different collision energies which produced some 

spectra with different fragmentation patterns for the same compound. We adopted a 

commonly used method that merges all spectra generated from one compound into one 

spectrum [14], [18]. In addition, we explored whether or not training separate models using 

different collision energy ranges and instrument types would enhance model performance.  

 

To investigate the difference in MS/MS patterns of a compound acquired by different 

instruments and settings, we extracted six MS/MS spectra from the NIST 17 library for 

cycloheptylamine (CID:2899) representing different experimental setups, as shown in 

Figure 7. The spectra in Figures 7A and 7B have similar patterns with the spectra in Figures 

7C and 7D, respectively. These were all generated using collision cell MS (HCD and QqQ) 

with similar collision energies (around 16eV). Although spectra in Figures 7C and 7D were 

generated using the same instrument type as spectra in Figures 7E and 7F, their 

fragmentation patterns are very different due to significant differences in the collision 

energies used for fragmenting precursor ions (around 16eV vs. around 40eV). Higher 

collision energies tend to generate more peaks in total as well as more peaks with smaller 

m/z values. 
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Figure 8. Examples of MS/MS for Cycloheptylamine acquired by different machine 
types and collision energy. HCD, higher-energy C-trap dissociation; QqQ, triple 
quadrupole. 

 

 

 

 

A. QqQ (Collision Cell) - 14eV                                                     B. QqQ (Collision Cell) - 16eV 

 

C. HCD (Collision Cell) - 17eV                                                  D. HCD (Collision Cell) - 20eV 

 

E. QqQ (Collision Cell) - 38eV                                                    F. QqQ (Collision Cell) - 40eV 
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For further investigation, we performed cluster analysis of spectra corresponding to 916 

compounds (more than 30 spectra per compound) in the NIST 17 library to characterize the 

training dataset we prepared. Principle component analysis (PCA) was used for dimensional 

reduction and K-means was used to group the spectra into three clusters. Figure 8 shows two 

examples of our K-means results where InChIKey of the compound is shown on the top of 

each figure. In the figures, each dot represents a spectrum and is labeled with the instrument 

type and collision energy used to generate that spectrum. We learned from these results the 

following: 1) as expected, spectra generated using similar collision energies tend to cluster 

together while, in contrast, spectra with vastly different collision energies are located far 

away from each other; this phenomenon is consistent with our observation from individual 

spectra (discussed above), 2) through manually examining all cluster analysis results, we 

found that 30eV was an appropriate cutoff for high and low collision energies, and 3) in 

terms of instrument type, spectra acquired by HCD and QqQ, which belong to the collision 

cell type, clustered together. Interestingly, despite the fact that ITFT adopts a completely 

different fragmentation mechanism compared to collision cell instruments, spectra acquired 

by ITFT also clustered with spectra acquired by collision cell.  
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A 

 

B 

Figure 9. Examples of clusters of MS/MS spectra for two compounds. Each dot represents 
an MS/MS spectrum and its collision energy is labeled (● = ESI QqQ; ▼= HCD; ◆=Ion Trap).	
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Based on the clustering results, we conducted two sets of testing to determine if it was 

necessary to train separate ANNs for different ranges of collision energy and for different 

instrument types. Separate ANNs were trained for low energy (<=30eV), high energy 

(>=30eV), and high & low energies combined. Specifically, we selected 6,677 compounds 

generated using HCD MS from the NIST 17 library which had at least one corresponding 

spectrum with <=30eV collision energy and one corresponding spectrum with >=30eV 

collision energy. To train a low energy model, all spectra of a compound generated using 

<=30eV were merged to represent each of the 6,677 compounds with one merged MS/MS 

spectrum. The same procedure was done for high energy and combined energy models. We 

trained all ANNs of different collision energies using approximately the same number of 

training MS/MS data and tested through structure-disjoint 5-fold cross validation. As shown 

in Table 5A, the accuracy of the combined model is lower than the accuracy of the low 

collision energy model when testing low energy testing spectra. Moreover, F1 scores were 

even lower in the combined model compared to the low collision energy model when testing 

low energy testing spectra. The result proves the selection of training dataset helps enhance 

the ANN’s prediction performance.  

 

Furthermore, we trained three separate models using spectra generated by ITFT, HCD, and 

ITFT and HCD combined. Consistent with the cluster analysis result where ITFT spectra 

cluster with HCD spectra, the result of this analysis shows that combing ITFT and HCD 

does not affect the prediction performance compared to separate models (Table 5B). 
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Table 5. Evaluation of MetFID’s compound fingerprint prediction performance via 
five-fold cross-validation of ANNs trained for different collision energy ranges (A) 
and instrument types (B) based on MS/MS spectra acquired from 6,677 compounds. 

A 

Training Spectra IT HCD Combined HCD&IT 

Testing spectra IT HCD IT HCD 

Accuracy 94% 93% 94% 94% 
F1 71% 68% 74% 68% 

B 

 

2.4.3 Evaluation of MetFID’s performance compared to other tools 

The final step in MetFID is to perform metabolite identification by using a similarity score 

computed by comparing the fingerprint of each candidate with the predicted fingerprint. The 

candidate with the highest similarity score is used for metabolite identification. In this 

section, we evaluate different models for ranking metabolite candidates obtained by mass-

based search using MetaboQuest [51]. In this set of testing, we did not use spectra from 

MoNA for ANN training, because a large portion of spectra from MoNA does not provide 

collision energy information. Among the spectra described in Section 2.2, we randomly 

selected 1,500 MS/MS spectra representing 1,500 compounds for testing. The remaining 

spectra, which exclude the 1,500 compounds above (structure-disjoint), were used for ANN 

training. 

Training spectra <=30eV >=30eV All collision energy 

Testing spectra <=30eV >=30eV <=30eV >=30eV 

Accuracy 94% 94% 92% 94% 
F1 69% 71% 58% 69% 
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Table 6.  Evaluation of MetFID in ranking metabolite candidates from MetaboQuest 
by different models from 1,500 compounds. 

 Low Energy Model High Energy Model Combined Model 

Ranking  Formula 
Known 

 Formula 
Known 

 Formula 
Known 

Top 1 50% 57% 52% 56% 46% 51% 

Top 3 73% 76% 76% 77% 70% 71% 

Top 5 80% 84% 84% 84% 77% 83% 

 

Table 6 shows the evaluation results from different ANNs trained under different scenarios. 

We used a similar number of training spectra for model training to avoid the effect brought 

on by training dataset size (the number of training spectra for low, high, and combined 

models is 9671, 9108 and 9560, respectively). The accuracy in the table refers to the 

percentage of testing cases in which the correct metabolite appears in the top k of ranked 

candidate list. The results show that MetFID successfully ranked the correct identification 

in more than 50% cases. Consistent with our previous testing, separate models outperform 

the combined model by a small margin. We evaluated MetFID assuming that the formulae 

of the unknown compounds are known. For these datasets, we observed that the use of 

formula information helps shrink the average length of candidate lists from 18 to 9 

candidates, thereby enhancing the identification accuracy as illustrated in Table 6.  

 

To compare MetFID with MetFrag [52], ChemDistiller [53],  and CSI:FingerID [14], we 

trained MetFID with all training spectra (NIST 17 + MoNA) excluding testing compounds 

and guaranteeing structure-disjoint. We tested MetFrag and ChemDistiller using 482 

compounds (a subset of the 1,500 compounds in previous testing) whose candidates were 

retrieved from the PubChem database through the PubChemPy python package and 
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assuming that the formulae of testing compounds are known (formula for each compound is 

provided in NIST17 library). MetFrag applies the combinatorial method to predict an 

MS/MS spectrum for each candidate and rank candidates based on their similarity to the 

spectrum of the unknown compound. ChemDistiller combines the idea of MetFrag and CSI: 

FingerID by calculating a composite score for each candidate [53]. Detailed information on 

ChemDistiller and MetFrag can be found in Table 7. As shown in Table 8, MetFID 

outperforms these tools by a good margin. We did not include CSI:FingerID in this 

evaluation, because NIST 17 spectra were involved in the training of the current version of 

CSI:FingerID, thus they cannot be used as a structure-disjoint testing set. Instead, we used 

CASMI 2016 testing set to compare MetFID vs. CSI:FingerID [54]. Note that the training 

dataset for ChemDistiller includes NIST 14 spectra and thus a subset of our testing dataset 

may be used for training.  
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Table 7. Details of ChemDistiller and MetFrag used for comparison against MetFID. 

Tool ChemDistiller  MetFrag 
Version 
Number 

ChemDistiller v0.1. MetFrag2.4.5-CL.jar (Command line only) - 
Version 2.4.5 

Parameters - Radial SVM (Downloaded from 
https://www.mediafire.com/folder/v
4lb8s2nns9c6/SVMs, replace 
current SVM in "SVMs" folder) 

 
- Databases PubChem (downloaded 

from 
https://www.mediafire.com/folder/v
5l4380gqbvie/DBs, unarchived 
using Keka, and put in DBs folder) 

 
- p 4 (number of CPUs used for 

parallel processing, used max for 
computer) 

 
- r 150 (maximum number of results 

to be returned per annotation 
candidate, Max results = 150) 

 
*All other parameters were default. 
 
Download page: 
https://bitbucket.org/iAnalytica/chemdis
tillerpython/downloads/ 

Parameter file (this parameter file contains 
all the parameters needed to run MetFrag as 
outlined below) 
- precursor mass 
- a text file with mass to charge ratio and 

intensity values 
- the molecular formula of compounds 

retrieved by querying inchikeys via 
PubChemPy 

- MetFragDatabaseType was PubChem 
- FragmentPeakMatchAbsoluteMassDevia

tion was 0.001 
- FragmentPeakMatchRelativeMassDeviat

ion was 5 
- PrecursorIonMode was 1  
- MetFragScoreTypes was 

FragmenterScore 
- MetFragScoreWeights was 1 
  
*All other parameters were default. 
 
Homepage and Download page: https://ipb-
halle.github.io/MetFrag/projects/metfragcl/ 
 

 

Table 8. Comparison of MetFID with MetFrag, ChemDistiller, and CSI-FingerID in 
ranking metabolite candidates using NIST 17 or CASMI 2016 as testing sets.  

Rank MetFrag ChemDistiller MetFID CSI:FingerID MetFID 
 NIST 17 Testing CASMI 2016 Testing 

Top 1 15% 21% 27% 28% 38% 

Top 3 17% 32% 40% 55% 67% 
Top 10 25% 44% 69% 70% 72% 

The results listed in the table for CSI:FingerID were obtained from a previous report [54]. 
Only the accuracy for the Top 1 (12%) was reported in testing MetFrag via CASMI 2016. 
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Finally, we selected from the CASMI 2016 benchmark dataset, MS/MS spectra acquired in 

the positive mode from 127 compounds [54]. To have a fair comparison with other 

participants, we made structure-disjoint testing and adopted the candidate lists for each 

testing compound previously provided [54]. As shown in Table 8, MetFID correctly 

identified 38% (48 compounds) of testing cases in CASMI 2016 dataset and outperformed 

MetFrag and CSI:FingerID. Duhrkop et al. did a re-evaluation for CASMI 2016 and reported 

an improved performance that CSI:FingerID correctly identified 50 compounds out of 127 

compounds using SIRIUS 4, in which CSI:FingerID is integrated [50]. Also, Li et al. 

reported similar performance for SF-matching and CSI:FingerID using the CASMI 2016 

testing dataset [15]. We obtained a similar performance as CSI:FingerID and SF-Matching 

when MetFID is evaluated on the CASMI 2016 testing dataset.  

 

2.4.4 Evaluation of MetFID using MS/MS spectra from a cancer biomarker discovery 

study 

We previously reported 18 metabolites that were significantly altered in hepatocellular 

carcinoma (HCC) tumor vs. adjacent normal liver tissues [55]. These metabolites were 

identified by combining GC-MS and LC-MS data acquired by analysis of liver tissues from 

40 hepatocellular carcinoma (HCC) patients. For 98 analytes, MS/MS spectra were acquired 

using the ACQUITY UPLC system online coupled to a Synapt G2-Si QTOF-MS (Waters 

Corporation, Milford, MA, USA) with collision energy ranging from 10 to 30 eV.  To predict 

the metabolite identification of these analytes, we considered a low-energy MetFID that was 

trained using about 9,000 NIST 17 spectra and about 1,000 MoNA spectra with collision 

energy <=30eV. The trained MetFID was then used to rank candidate analytes retrieved by 
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MetaboQuest based on the 98 MS/MS spectra. Because the training set did not include two 

compounds that were previously reported, MetFID’s prediction of the metabolite IDs for 

these two analytes can be considered structure-disjoint evaluation. The identification for 

these two metabolites was previously performed by spectral matching using MetaboQuest, 

METLIN, and CEU Mediator [55]. Table 9 shows candidate lists for the two analytes based 

on spectral matching [55]. The IDs that were reported previously are highlighted in the table 

and are considered as ground-truth information for our evaluation [55].  

 

Table 9. Putative metabolite IDs ranked by MetFID for two analytes. 

 
 

Through mass-based search of m/z values of precursor ions via MetaboQuest, we retrieved 

12 candidates for m/z = 758.5697 and 6 candidates for m/z = 258.1112 with ≤ 10 ppm of 

mass tolerance. Interestingly, all candidates retrieved for each m/z had the same PPM, thus 

it was impossible to further rank them by PPM. The results in Table 9 show that MetFID 
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successfully ranked at the top of the candidate lists the two metabolite IDs that were reported 

previously [55]. However, for the analyte with m/z = 758.5697, four out of the 12 candidates 

had the same highest score. This is due to high similarity in structure among the five 

candidates as shown in Table 10. This renders a challenging task for our method to 

distinguish structurally similar candidates, thus additional ranking criteria are needed to 

enhance the performance of MetFID.  

 

Table 10. Putative metabolite IDs that shared the same score calculated by MetFID. 

 

 

2.5 Discussion 

We can see from evaluation result table (Table 6 and Table 8) that the database used for 

retrieving candidate list plays an important role in determining the final accuracy of putative 

ID ranking. In a real untargeted metabolomics experiment, an organism specific metabolite 

database (e.g. HMDB for a human study) is recommended to be used rather than a general 

compound database, such as PubChem, which contains large number of non-metabolite 
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compounds. The reason are as follows.  First of all, a smaller number of candidates helps to 

enhance putative ID ranking accuracy. More importantly, we have observed that candidates 

retrieved from metabolite databases tend to have more obvious difference in similarity scores 

compared those retrieved from PubChem so that we can have a higher confidence on the 

first putative ID ranked by MetFID.  

 
 
The proposed MetFID trains ANN to capture the hidden mapping relationship between 

MS/MS fragmentation patterns of analytes and molecular substructures/properties to 

accomplish the task of predicting fingerprints of unknown compounds based on measured 

MS/MS spectra. There are different tools for fingerprint calculation and we adopted a 

combination of FP3, FP4 and MACCS, calculated using OpenBabel [16]. These sets of 

fingerprints are all created based on SMARTS pattern, which is a language for describing 

molecular functional groups or molecular patterns. This type of fingerprint is also commonly 

used for substructure searching among chemical compounds. Our results and other machine-

learning based methods [26]-[30], which use a similar fingerprint type prove that the 

mapping relationship between compound fragmentation pattern and SMARTS pattern 

fingerprint can be captured. Duhrkop et al. pointed out that a selected subset of extended-

connectivity fingerprints (ECFPs) can be sufficiently learned from training data [50]. We 

evaluated the performance of MetFID using topology-based fingerprints calculated from 

RDKit [56]. However, MetFID achieved much lower fingerprint prediction performance 

using topology-based fingerprints compared to the fingerprints adopted by MetFID. Thus, 

further investigation is needed to thoroughly evaluate different sets of fingerprints to 
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determine the set of fingerprints that leads to the highest performance on fingerprint 

prediction and metabolite identification. 

 

Similarity scores calculated by MetFID to rank candidates based on predicted fingerprints 

could be very close to each other, as shown in Table 9. Such scores pose a challenge in 

selecting candidates with confidence for further investigation. To address this, methods such 

as a target-decoy approach [57] can be used to help estimate the false discovery rate based 

on the similarity scores calculated by MetFID.  

 

For each compound, NIST 17 provides a set of spectra generated by a wide range of collision 

energies. In section 2.4.2, we observed that model separation based on collision energies 

helps enhance the fingerprint prediction performance. We trained low-energy and high-

energy models and showed that separate models outperform the combined model for 

fingerprint prediction. However, one may argue separation of models into narrower range of 

collision energies may further enhance the performance. Also, it is hard to determine if 

further separation is needed without a thorough investigation that includes statistical 

significance analysis of the prediction improvements among different models (e.g., 

calculation of critical difference values). To address this issue, rather than training separate 

models, we may consider feeding collision energy as input into ANN and see if ANN is able 

to learn the information. Besides collision energy, we can also investigate if providing ANN 

with instrument type and mass of the compound as input will help improve the performance. 

To avoid confusing ANN with peak features and other parameters, we can separate them 
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into two set of inputs followed by respective activation functions after which the 

concatenation operation is done as proposed in ref. [58].  

 

As shown in Table 2, there are limited reference spectra in current spectral libraries which 

is a primary limitation in using spectral matching for metabolite identification. Moreover, 

different instrument types and collision energies used for generating spectra lead to different 

spectra patterns. It is costly and impractical to acquire the spectra under all possible 

experimental conditions. This further adversely affects the performance of similarity scoring 

functions used in spectra matching tools. To this end, the function of MetFID is to predict 

from the spectrum of a compound its molecular fingerprint, which will be altered/affected 

by experimental conditions used for generating the spectrum. It will be interesting to explore 

an approach to obtain a composite score by incorporating the similarity score calculated by 

MetFID with current scoring functions and examine if this method could help in spectral 

matching.   

 

In summary, the contributions of MetFID can be summarized as follows: 

• We have proposed to adopt multi-class multi-label of ANN model for the first time 

which allows us to predict the whole set of fingerprint using one model. We have 

also carried out the comparison experiment to show the advantage of our proposed 

method (Table 4). 

• In the pipeline for training spectra preparation (Table 5), we have proposed a 

denoising protocol for spectra containing large number of noise peaks. The necessity 

of this step depends on the downloaded spectra. For example, we downloaded spectra 
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from MoNA repository for model training where we observed some spectra of low 

quality containing large amount of noise peaks. However, spectra from NIST 17 are 

cleaner and of high quality. 

• We have proposed to adopt the loss feature, which has been used as features for 

MS/MS spectra in machine learning model training [48], in the task of fingerprint 

prediction task for the first time. We have also observed that it can help enhance the 

fingerprint prediction performance from a comparison result (Table 4).  

All of these aforementioned aspects contribute to the enhanced performance compared to 

current methods as shown in Table 8. However, further investigation is needed to determine 

the effect of each of these aspects in performance improvement.  

 

2.6 Conclusion 

We introduce a new method, MetFID, for metabolite identification using experimental 

MS/MS data. A multi-class, multi-label approach is used by MetFID to predict molecular 

fingerprints at once instead of the traditional digit-by-digit approach. We showed that the 

selection of training spectra is critical to enhance the model’s prediction performance. In 

addition, we demonstrated that MetFID achieves better accuracy in terms of metabolite 

identification compared to currently used tools such as MetFrag, ChemDistiller, and 

CSI:FingerID. Through experimental data from our liver cancer study, we showed the ability 

of our method to rank putative metabolite IDs.  
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3. Network-based Multi-Omics Data Integration for Biomarker 

Discovery 

 

3.1 Introduction 

Statistical and machine learning methods are commonly used in Omics studies to find 

disease biomarker candidates based on differential expression. However, different 

biomarker candidates have been reported for different cohorts of the same study, thereby 

making the candidates less useful as disease biomarkers [25].  

 

In this dissertation, we propose MOTA (Multi-Omics inTegrative Analysis), a network-

based integrative method to build a differential coexpression network using multiple omics 

datasets generated from the same set of samples. The topology of the network and the 

statistical significance of changes in the levels of features (represented as nodes) are used to 

rank disease-associated biomolecules. MOTA starts by building a differential network based 

on changes in partial correlation (intra-omic) and canonical correlation (inter-omic) between 

distinct biological groups. Specifically, we use a regularized generalized version of CCA 

(rgCCA) that allows us to deal with the large-ℎ small-𝑛 problem (ℎ: number of features; 𝑛: 

number of samples) for correlation between features in multiple omics datasets. A MOTA 

score is calculated considering both the connectivity of nodes (features) in the network and 

the significance level based on differential expression analysis by statistical methods. We 

tested MOTA using three sets of multi-omics data obtained by the analysis of sera and liver 

tissues from three cohorts of hepatocellular carcinoma (HCC) cases and patients with liver 
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cirrhosis (CIRR). The results show that MOTA allows the identification of more overlapping 

top-ranked metabolite biomarker candidates in two cohorts of the same study compared to 

t-test and iDINGO. Also, mRNA candidates top-ranked by MOTA include more cancer 

driver genes enriched in cancer-related pathways. 

 

3.2 Method Rationale 

Test-based differential analysis methods merely focus on differential expression levels of 

individual biomolecules between distinct biological groups, whereas network-based 

methods try to consider the alteration in expression level for each biomolecule in a system 

(network) level which mimics biological regulatory system. The goal of a differential 

coexpression network, also referred to as a differential network, is to identify the difference 

in coexpression patterns of nodes in two disparate biological groups (e.g., disease vs. healthy 

control) [59]. The differential correlation between two biomolecules in disparate biological 

groups may reflect an altered activating/repressing relationship between the molecules. For 

example, decrease/loss of transcription-activating function of a transcription factor caused 

by missense mutation in peptide sequence may be reflected by the altered correlation 

between the corresponding protein expression level and its target gene (mRNA) expression 

level. Recognizing these alterations in the disease-affected group compared to the normal 

group is helpful in pinpointing dysfunctional regulatory systems and essential disease-

associated risk biomolecules. Moreover, the multi-omics integrative approach we adopt 

enables MOTA to discover dysregulated regulatory relationships across different biological 

layers.  
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3.3 Methods 

3.3.1 Framework of Multi-Omics integrative Analysis 

 

Figure 10. Framework of Multi-Omics inTegrative Analysis (MOTA), demonstrating 
how an intra-omic network is constructed based on data from Omics 1 and other omics 
datasets (Omics 2 and Omics 3) to add inter-omic connections to the network. The 
resulting network allows us to rank disease-associated molecules from Omics 1. Partial 
correlation (pc) is calculated for feature pairs in the Omics 1 dataset, and	∆𝑝𝑐 is used to 
determine intra-omic connections. For other omic datasets, canonical correlation (cc) is 
calculated for feature pairs between Omic 1 and other omics datasets (e.g., Omics 2, Omics 
3, etc.), and ∆𝑐𝑐 is used to determine inter-omic connections. The MOTA activity score of 
a node is calculated based on the network topology and statistical significance of the feature 
represented by the node itself and other features whose nodes (from any of the omics datasets) 
are connected to it. 
 

Figure 10 depicts the framework of MOTA, which starts by building a differential network 

using the first omics dataset (denoted as Omics 1 in Figure 10). It calculates the partial 

correlation (𝑝𝑐) using graphical LASSO for each biomolecule pair in each biological group 

based on the Omics 1 dataset. Then, it calculates the differential partial correlation (∆𝑝𝑐) to 

determine intra-omic connections for the network. After building the intra-omic network, 



 
 

45 
 

 

MOTA incorporates other available ancillary omics datasets (referred to as Omics 2, Omics 

3, etc. in Figure 10) and adds nodes (features) from these datasets. The inter-omic 

connections are determined by calculating the canonical correlation ( 𝑐𝑐 ) for each 

biomolecule pair based on Omics 1 and another omics dataset (e.g., Omics 2) using rgCCA 

and computing the differential correlation (∆𝑐𝑐). An activity score is calculated for each 

node based on its own p-value and its connected nodes. 

 

3.3.2 Partial correlation calculation using graphical LASSO 

Graphical LASSO is used to build sparse graphs that mimic the properties of biological 

networks by adding a LASSO penalty when estimating the inverse covariance matrix (i.e., 

precision matrix) [60]. The advantage of pc, which is calculated using the precision matrix, 

is that it removes indirect associations caused by other features in the dataset. Graphical 

LASSO maximizes the following penalized log-likelihood shown in Equation (1): 

log( det(𝜣)) − 𝑡𝑟(𝑺𝜣) − 𝜌||𝜣||𝟏																												, (1) 

where 𝜣 is the precision matrix, S is the sample covariance matrix, tr denotes trace, ||𝜣||9 

represents the ℓ1 norm of 𝜣, which is the sum of the absolute values of all elements in 𝜣, 

and 𝜌 is the turning parameter controlling the sparsity of 𝜣, which is determined by cross 

validation using the one standard error rule. Precision matrices for both biological groups 

are calculated using graphical LASSO and partial correlation for each biomolecular pair in 

each biological group is computed using Equation (2). 
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			𝑝𝑐2: = − ;"#

<;"";##
, (2) 

The change in partial correlation for each biomolecular pair between two biological groups 

(Group 1 and 2) is calculated using Equation (3). A permutation test is used to determine the 

statistical significance of ∆𝑝𝑐. An edge connecting two nodes is built if ∆𝑝𝑐 falls into the 

2.5% tails on either end of the empirical distribution curve for ∆𝑝𝑐H. 

∆𝑝𝑐2: = 𝑝𝑐2:
(9) − 𝑝𝑐2:

(,), (3) 

 

3.3.3 Canonical correlation calculation using regularized generalized Canonical 

Correlation Analysis (rgCCA) 

Belonging to multivariate statistical method, rCCA and its generalized formulation, 

regularized generalized canonical correlation analysis (rgCCA), can be used to associate 

high-dimensional omic measurements obtained from different platforms (e.g., 

metabolomics, transcriptomics, proteomics, etc.) [61], [62]. In order to determine the 

correlation method that is best suited for inter-omic connections, we performed a simulation 

study to compare the performance of Pearson correlation, rCCA, and rgCCA for inferring 

pre-specified correlations of features in different datasets. The result of the simulation study 

indicated that rgCCA leads to the lowest error rate for inferring inter-omic connections. 

Details of the simulation study and results can be found in Supplementary Material (Section 

S2, Table S4-6, Figures S1 and S2). An additional benefit of rgCCA is that it enables the 
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evaluation of associations among biomolecules in more than two omics datasets 

simultaneously. 

 

Let 𝑿9, …, 𝑿6 denote L matrices, and 𝑿6 = {𝒙69, 𝒙6,,…,	𝒙6?$} denote an n ´	ℎ6 matrix (also 

called a block); n is the number of samples; ℎ6 is the number of features in the lth matrix 

(dataset). We assume that the columns of 𝑿6𝑠 are standardized (i.e., a mean of 0 and a 

variance of 1). In this study,	𝑿6 	represents an omics dataset, and 𝑙 indexes a specific omics 

type. rgCCA computes, for each dataset, a weighted composite of variables 𝒚6 = 𝑿6𝒂6, 𝑙 =

1,… , 𝐿, where 𝒂6 is a column vector with ℎ6 elements, to obtain the optimal solution for the 

following Equation (4): 

max
𝒂%,𝒂&,… ,𝒂'	

∑ 𝑐6C𝑔Ucov(𝑿6𝒂6 , 𝑿C𝒂C)W	𝑠. 𝑡.		(1 − 𝜏6)D
6,CE9 𝑣𝑎𝑟(𝑿6𝒂6) + 𝜏6‖𝒂6‖, =

1,			𝑙 = 1,… , 𝐿, 
(4) 

where 	𝑪  is a binary symmetric 𝐿 × 𝐿	matrix with each element indicating the network 

connection between blocks, 𝑐6C = 1 denotes two connected blocks, and 𝑐6C = 0 indicates no 

connection; 𝑔 is any continuous convex function used to assign an optimization problem, 𝜏6 

is a shrinkage parameter ranging from 0 to 1, 𝜏6 = 1  yields ‖𝒂6‖, = 1,  which means 

maximization of the covariance, 𝜏6 = 0 yields 𝑣𝑎𝑟(𝑿6𝒂6) = 1, which means maximization 

of the correlation, 0 < 𝜏6 < 1 lies between correlation and covariance. In this study, we 

adopted a ‘horst’ scheme for the 𝑔 function, which is a scheme leading to the maximization 

of the sum of the covariances between block components, and 𝜏6 = 0. 
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The group-specific canonical correlation (𝑐𝑐2:
(9),	𝑐𝑐2:

(,)) between two features from two omics 

datasets (i.e., 𝒙2/ and 𝒙:3 which are the ith feature in Omics r and the jth feature in Omics s) 

is determined by first projecting 𝒙2/ and 𝒙:3 onto a low-dimensional space spanned by the 

first two canonical variants of 𝑿/ and 𝑿3 , as described in ref. [63].Then, 𝑐𝑐2: is calculated 

as the as the inner product between the resulting projected vectors. 

 

Next, the change in cc (△ 𝑐𝑐2:) of the two features (biomolecular pair) between the two 

biological groups is calculated using Equation (5). We created an edge in the resulting graph 

if |△ 𝑐𝑐2: | was above a pre-specified threshold. In order to get a rough estimate of the 

threshold, we examined different threshold values and determined 0.5 was a reasonable 

cutoff for datasets considered in this work. The thresholds and the corresponding 

assessments we examined are described in Supplementary Material (Section S3). Further 

investigation is needed to objectively determine the appropriate threshold. 

∆𝑐𝑐2: = 𝑐𝑐2:
(9) − 𝑐𝑐2:

(,), (5) 

 

3.3.4 Multi-Omics integrative Analysis Score Calculation 

The network obtained by MOTA consists of intra-omic connections calculated using graph 

LASSO and inter-omic connections calculated using rgCCA. A MOTA score is calculated 

for each feature (node) in the intra-omic (seed) network. For example, the p-value for node 
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k (𝑝C) in the seed network is calculated using Student’s t-test and then converted to z-score 

as shown in Equation (6): 

𝑧C = ∅%9(1 − .)
,
), (6) 

where 𝜙%9 is the inverse cumulative distribution function of the standard Gaussian 

distribution. The MOTA score (𝑀C) for node k in the seed network is the sum of its own z-

score (𝑧C) and the summation of all combined z-scores from each omics block connected 

to it via either intra-omic or inter-omic edges, as shown in Equation (7): 

𝑀C = 𝑧C + ∑ 𝑧6CD
6E9 , k ∈ centric dataset (7) 

where 𝑧6C 	is calculated using the Stouff’s z-score method through Equation (8), which 

accounts for the z-scores of all nodes from Omics l that are connected to node k: 

𝑧6C~
∑ F"
*
"+%
√H

, (8) 

where m denotes the number of nodes connected to node k in Omics l, and the 𝑧2s are their 

corresponding z-scores. 
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3.3.5 Multi-omics datasets 

Table 11. Multi-omics datasets acquired from three cohorts. The number of features in 
each omics dataset and the number of serum and tissue samples analyzed by multi-omics 
approaches are shown. HCC, hepatocellular carcinoma, CIRR, cirrhosis, TU, Tanta 
University, GU, Georgetown University. 

Datasets Omics Studies  
(No. of Features) 

Serum Tissue 
HCC CIRR HCC CIRR 

TU Datasets 
Metabolomics (66) 

Glycomics (82) 
Proteomics (100) 

39 48   

GU1 Datasets 
Metabolomics (53) 

Glycomics (82) 
Proteomics (101) 

40 44   

GU2 Datasets 
Metabolomics (3672) 

mRNA profiling (27,523) 
miRNA profiling (2543) 

  37 24 

 

We tested MOTA using three sets of omics data from three study cohorts. Briefly, blood 

samples from 87 patients (39 HCC cases and 48 cirrhotic controls) recruited at Tanta 

University (TU) Hospital and 84 patients (40 HCC cases and 44 cirrhotic controls) recruited 

at Georgetown University (GU) Hospital [64] were analyzed by targeted metabolomics, 

glycomics, and proteomics. We refer to these as TU and GU1 datasets, respectively, in Table 

11. Additionally, liver tissues from 61 patients (37 HCC cases and 24 cirrhotic controls) 

recruited at GU Hospital were analyzed by mRNA-seq, miRNA-seq, and metabolomics. 

These are referred to as the GU2 datasets in Table 11. While all features extracted from the 

GU1 and TU datasets were used by MOTA, only a subset of the features (549 mRNAs, 125 

mRNAs, and 786 metabolites) from the GU2 datasets were selected based on statistical 

significance (p-value < 0.05) between HCC and cirrhotic tissues. 
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The characteristics of the participants in the three study cohorts are provided in 

Supplementary Material (Section S1, Tables S1–3). In this work, we focused on assessing 

the ability of MOTA to rank disease-associated metabolites and mRNAs. Using the GU1 

and TU datasets, we constructed differential networks and ranked the metabolites based on 

the MOTA scores of their corresponding nodes. The top-10-ranked metabolites were used 

to evaluate the performance of MOTA in comparison with those ranked by t-test and 

iDINGO in terms of their reproducibility across the two study cohorts. iDINGO is a tool 

which adopts the idea of differential network and can be used to integrate multi-omics 

datasets in an ordered manner [65]. In reference [65], it is emphasized that hubs (nodes with 

high node degree) are important features of a network topology and may play important roles 

in disease progression. Therefore, we used the node degree of each node calculated by 

iDINGO to rank the metabolites. Furthermore, we investigated the top-10-ranked 

metabolites achieved by concatenating the GU1 and TU datasets. Using the GU2 datasets, 

we constructed a differential network and ranked mRNAs based on the MOTA scores 

calculated for their corresponding nodes. The top-30 mRNAs ranked by t-test, iDINGO, and 

MOTA were evaluated on the basis of Gene Ontology (GO) enrichment analysis and the 

number of top-ranked cancer driver genes. 
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3.4 Results 

3.4.1 Ranking disease-associated metabolites 

We used MOTA to rank HCC-associated metabolites. Specifically, we calculated MOTA 

scores for each metabolite in the GU1 metabolomics dataset by integrating it with proteomics 

and glycomics datasets acquired by analyzing the same set of samples. Also, we applied 

Student’s t-test on GU1 metabolomics dataset to select metabolites with significant changes 

in their levels between HCC cases and cirrhotic controls. Figure 11 shows the integrated 

network generated by MOTA, where node color represents the p-value (yellower indicates 

lower p-values), and node size indicates the MOTA score (larger size indicates higher 

MOTA score). Table 12 shows metabolites ranked by t-test and MOTA. 

 

In MOTA, the connectivity of node pairs calculated using the idea of differential 

coexpression renders the edges of the network biologically significant in terms of altered 

regulatory relationship in distinct biological groups. Once a differential network was 

constructed, we calculated a MOTA score for each node, assuming that strong candidates 

tend to be differentially expressed and be surrounded by differentially expressed neighbors. 

Comparing the ranking results that we obtained by MOTA and p-value, two nodes 

representing tyrosine and a-tocopherol (a-TOH) drew our attention. These metabolites have 

relatively high p-values by Student’s t-test. As illustrated in Figure 11, the primary reason 

for ranking tyrosine high is that tyrosine has a number of inter-omic connections with low-

p-value proteins and glycans. Previous work has shown the association of O-glycosylation 

on tyrosine residues (it can also happen in other amino acids) of proteins with liver cancer 

[66]. Liver is the major organ where tyrosine degradation takes place and tyrosine can be 
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converted to fumarate and acetoacetate utilized as alternative energy source for cellular 

functions. Reprogramming of tyrosine metabolism in liver cancer and its role as a biomarker 

in HCC has been reported previously [67], [68]. Similarly, connections with multiple 

proteins are the main reason for increasing a-TOH’s ranking. Through literature review, we 

found associations of a-TOH with its connected proteins in Figure 11. For example, a 

previous work has reported a direct physical interaction between a-TOH and Apolipoprotein 

A-II (P02652) involved in liver lipid metabolism [69]. As shown in Figure 11, a-TOH is 

also connected with C-reactive protein (CRP, P02741), which is a marker of inflammation. 

Specifically, we found that the correlation between a-TOH and CRP was negative in normal 

group, yet this correlation disappears in the disease group. Several previous studies have 

shown the anti-inflammatory effect of a-TOH [68-69] and we may infer from this 

observation that the anti-inflammatory function of a-TOH might get affected somehow in 

HCC.. These examples show that MOTA has a promising capability to pinpoint disrupted 

regulatory relationships between biomolecules by a pathophysiological condition and 

highlight important risk molecules. Furthermore, researchers could take advantage of 

MOTA as a hypothesis-generating tool by further investigating the edges or clusters created 

by MOTA, thereby creating the opportunity to better understand disease mechanisms. 
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Figure 11. Network constructed by MOTA using the GU1 dataset, which consists of 
metabolomics, proteomics, and glycomics data, to rank metabolites. The size of a 
metabolite node is proportional to the corresponding MOTA activity score. 
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Table 12. Ranking of metabolites in GU1 datasets. The p-value is calculated using 
Student’s t-test. 

Feature p-Value Rank MOTA Rank 
tyrosine 0.42 36 11.29 1 

alpha tocopherol  0.85 50 10.24 2 
pyroglutamic acid  0.01 4 8.96 3 

glycine  0.01 5 8.62 4 
ethanolamine  0.00 1 8.34 5 
phenylalanine 0.01 2 7.92 6 

citric acid  0.13 16 7.42 7 
threitol  0.08 12 7.27 8 

tyramine  0.95 53 7.23 9 
aspartic acid  0.08 13 7.18 10 

ribitol /arabitol 0.06 10 7.08 11 
creatinine  0.02 7 7.01 12 
malic acid  0.22 20 7.00 13 

Proline  0.45 38 7.00 14 
lactulose  0.26 23 6.43 15 

linoleic acid  0.02 6 6.42 16 
hydroxybenzyl alcohol  0.34 33 6.40 17 

malonic acid  0.26 24 6.34 18 
xanthine  0.29 29 6.30 19 
sorbose 0.01 3 6.26 20 

myo-inositol  0.31 30 6.23 21 
stearic acid  0.08 11 6.20 22 
diglycerol 0.21 19 6.18 23 
lauric acid  0.06 8 6.18 24 

 

Generalizability of selected biomarkers is a highly desired property to develop screening 

tests for diseases applicable to a wide population in spite of inevitable inherent cohort 

disparities [72]. Table 12 presents a comparison of feature ranking results obtained by 

analysis of the TU, GU1, and combined TU and GU1 datasets using t-test, iDINGO, and 

MOTA. To combine the TU and GU1 datasets, we retained features (35 metabolites, 100 

proteins, and 82 glycans) that were present in both datasets. We analyzed these three datasets 



 
 

56 
 

 

using iDINGO in the order of glycomics, proteomics, and metabolomics to rank metabolites 

based on their node degree. We ran iDINGO with this order based on the description of the 

method considering a biological regulatory logic that glycans affect protein functions which 

have influence on metabolic reactions. As illustrated in Table 13, while only two common 

metabolites were in the top 10 ranked by t-test and iDINGO across the TU, GU1, and 

combined TU and GU1 datasets, four common metabolites were included in the top 10 

ranked by MOTA. The number of overlapped metabolites was consistent between individual 

cohorts and the combined cohort. Examining the TU network created by MOTA, we can see 

that the reasons for increased ranking of tyrosine and a-TOH are the same as those 

previously mentioned for GU (tyrosine’s connection with low p-value glycan molecules and 

a-TOH connection with low p-value protein molecules). This finding reveals that 

differential coexpression seems to be a stable pattern in different cohorts of the same study 

and can be mined by MOTA. By considering both topology of a differential network and 

differential expression, MOTA contributes to ranking highly biologically significant 

biomarker candidates that are generalizable across different cohorts of the same study, 

whereas iDINGO or Student’s t-test consider only one of the two aspects. 

 

While the goal of MOTA is to rank disease-associated biomolecules, we assessed the ability 

of the top-ranked candidates in disease classification using the area under the receiver 

operating characteristic (ROC) curve (AUC) obtained in distinguishing HCC cases from 

cirrhotic controls. Specifically, we trained a Random Forest model using the top 10 

metabolite features ranked by student t-test and MOTA from the TU dataset and did 5 fold-

cross validation on the same dataset. The results show that AUC for model trained by 
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features ranked by MOTA and student t-test is 0.64 and 0.69 respectively. Next, we trained 

another Random Forest model using the features selected above (top 10 metabolite features 

by the two methods from TU cohort) using GU1 dataset and did five-fold cross-validation. 

The results show that the model trained using features ranked by MOTA outperforms those 

selected by student t-test by a small margin, with AUC of 0.66 and 0.64 respectively. 

Comparing two sets of results, features ranked by MOTA from the TU dataset maintain their 

classification ability when applying them on the GU1 dataset (0.64 vs 0.66). However, 

features ranked by student t-test dropped by 0.05 from 0.69 to 0.64. These results indicate 

that features ranked by combining differential network topology and statistical significance 

of changes in biomolecule levels lead to more consistent performance in different cohorts of 

the same study than those selected by merely network topology or statistical significance. 
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Table 13. Biomarker candidates overlapping between the GU1, TU, and combined TU 
and GU1 datasets ranked by t-test, iDINGO, and MOTA. 

Rank GU1 Cohort TU Cohort GU1+TU Cohort No. of 
Overlaps 

Ranking using Student t-Test (p-Value) 
1 ethanolamine  glutamic acid ethanolamine 

2 

2 phenylalanine lactic acid sorbose 
3 sorbose alpha tocopherol citric Acid 
4 pyroglutamic acid  valine isoleucine 
5 glycine  ethanolamine threitol 
6 linoleic acid  alpha-D-glucosamine 1-phosphate ribose 
7 creatinine  norvaline malic acid  
8 lauric acid  citric Acid phenylalanine 
9 ribitol /arabitol norleucine stearic acid  
10 threitol  sorbose trans-aconitic acid  

Ranking using iDINGO 
1 linoleic acid norvaline valine 

2 

2 isoleucine cystine ethanolamine 
3 leucine sorbose butanediol 
4 proline tagatose ribose 
5 ethanolamine isoleucine glycine 
6 valine trans-3-hydroxy-L-proline sorbose 
7 glutamic acid N,N-dimethyl-1-4-phenylenediamine tyrosine 
8 sorbose cholesterol malic acid  
9 aspartic acid butanediol isoleucine 
10 glycine arachidic acid tagatose 

Ranking using MOTA 
1 tyrosine alpha tocopherol alpha tocopherol  

4 

2 alpha tocopherol  tyrosine ethanolamine 
3 pyroglutamic acid  ethanolamine glycine 
4 glycine  creatinine lactic acid 
5 ethanolamine  tyramine creatinine 
6 phenylalanine mimosine tyrosine 
7 citric acid  lactic acid cholesterol 
8 threitol  cholesterol tyramine 
9 tyramine  threitol citric Acid 
10 aspartic acid  ribose isoleucine 

Note: Metabolite candidates that appeared in the top-10 ranked lists of all three cohorts are 
highlighted with the same color. 
 

3.4.2 Ranking disease-associated genes 

Cancer is a genetic disease where changes to genes cause malfunctions in the affected cells 

and further lead to various phenotypes of the disease [73]. Genetic changes, also referred to 

as mutations, can be classified into multiple categories (silent mutations, missense 



 
 

59 
 

 

mutations, nonsense mutations, and frameshift mutations) and affect downstream biological 

functions by different mechanisms. Gene transcription is affected by mutations in DNA 

sequences and acts as a medium propagating the effects of genetic mutations further 

downstream biological processes. Therefore, transcriptomics studies followed by differential 

expression analysis have become an important strategy for biomarker discovery or to locate 

essential disease risk genes for further mechanistic studies. Also, researchers can take 

advantage of pathway analysis or GO analysis using selected differentially expressed genes 

to obtain a higher level (pathway level or gene function level) of understanding to the 

disease. However, it has been reported that sometimes the pathway enrichment analysis 

performed using genes selected by this method only yields non-specific biologic processes 

[24]. To this end, we investigated the genes selected by MOTA and assessed their biological 

significance compared to other traditional differential expression analyses. 

 

We used MOTA to rank mRNAs based on the GU2 datasets by integrating the mRNA 

profiling data with metabolomics and miRNA profiling data generated from the same cohort 

of samples. We used DESeq 2 [74] to calculate the p-values for each mRNA and to rank the 

mRNAs. Furthermore, we analyzed the three omics datasets using iDINGO in the order of 

miRNA, mRNA, and metabolite to rank mRNAs. The GO analysis [75] was done using the 

top-30 genes prioritized by the three methods. As shown in Table 14, none of the ontology 

terms obtained based on mRNAs selected by DESeq2 is statistically significant; the top-

ranked terms by raw p-value seem to have a tangential relationship with cancer. On the other 

hand, the top-30 genes ranked by iDINGO and MOTA are enriched in 7 and 10 gene 

functions, respectively. From the GO analysis, we can see that iDINGO ranked in the top-
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30 mRNAs related to basic cell processes, such as nucleosome or chromatin assembly and 

DNA packaging. On the other hand, MOTA ranked in the top 30 mRNAs that are related to 

more specific pathways or cell functions, such as regulation of protein kinase B (PKB) 

signaling, which are well studied biological processes involved in cancer development [76], 

[77]. Another GO term, “elastic fiber assembly”, drew our attention. This is an interesting 

finding, since the biological process related to it is liver-specific, and previous studies have 

reported the relationship between liver fibrosis/HCC and elevated elastic fiber biosynthesis 

[33]. 

 

Table 14. Top-5 significant Gene Ontology (GO) terms based on genes selected by 
DESeq2, iDINGO, and MOTA. 

 DESeq2 iDINGO MOTA 

No. of GO 
Terms with 
FDR<0.05 

0 7 10 

 GO 
Terms 

FDR  
(p-value) 

GO 
Terms 

FDR 
(p-value) 

GO 
Terms 

FDR 
(p-value) 

Gene 

chromatin 
organizati

on 

1.0  
(1.03 × 10-4) 

chromatin 
assembly 

0.014 
 (1.73 × 10-6) 

extracellular 
matrix 

organization 

1.27 × 10-5 
(8.0 × 10-10) 

kidney 
developm

ent 

1.0  
(2.31 × 10-4) 

nucleoso
me 

assembly 

0.014 
 (8.69 × 10-6) 

extracellular 
structure 

organization 

1.90 × 10-5 
(2.4 × 10-9) 

renal 
system 

developm
ent 

1.0  
(2.88 × 10-4) 

nucleoso
me 

organizati
on 

0.016 
 (3.93 × 10-6) 

positive 
regulation 
of protein 
kinase B 
signaling 

7.56× 10-4 
(1.43× 10-7) 

nucleoso
me 

assembly 

1.0  
(3.28× 10-4) 

Chromatin 
assembly 

or 
disassemb

ly 

0.019 
 (3.48 × 10-6) 

cell 
chemotaxis 

1.48 × 10-3 
(6.56 × 10-7) 

urogenital 
system 

developm
ent 

1.0  
(4.46× 10-4) 

DNA 
packaging 

0.214 
 (6.73 × 10-6) 

elastic fiber 
assembly 

1.58 × 10-3 
(5.98 × 10-7) 
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The GO analysis results showed the capability of MOTA to rank important genes which 

might directly contribute to cancer development rather than merely vary in expression as a 

result of the disease. Genetically, mutations of a gene, which are the origin and cause of 

cancers, do not necessarily lead to a significant expression change of the mRNA transcribed 

from its DNA template. For example, some ‘missense mutations’ play a role in 

carcinogenesis by changing protein functions rather than resulting in a quantitative change 

in gene expression. This maybe the main reason why genes selected by significance analysis 

are not enriched in important cancer-related processes. On the other hand, MOTA ranks high 

important genes by connecting them with the biomolecules (miRNAs, proteins, metabolites, 

etc.) affected by the genetic changes on the basis of differential coexpression.  

 

To this end, an interesting question is whether MOTA is able to identify more cancer driver 

genes. We compared genes in lists obtained by different ranking methods with genes curated 

in the Sanger Cancer Gene Census [78]. Each gene in the lists possesses a documented 

activity relevant to cancer, along with evidence of mutations in cancer which change the 

activity of the gene product in a way that promotes oncogenic transformation. Table 15 

shows that the list of genes top-ranked by MOTA contains more cancer driver genes 

compared to lists obtained by other methods. Fibroblast growth factor receptor 2 (FGFR2) 

was ranked 3rd by MOTA. It had very low ranking using DESeq 2 (ranked 412th) and 

iDINGO. FGFR2 has been reported as a driver gene in liver cancer [79]. From a close 

observation of MOTA network, we found the primary reason for its ranking increase is its 

connections with number of metabolites. Previous literatures also support this finding that it 

has been reported that fibroblast growth factor signaling widely involved in metabolic 
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regulation of liver cancer  [80][81]. From these results, we conclude that MOTA can help 

identify essential disease risk genes involved in important processes of cancer development. 

 

Table 15. Number of cancer driver genes selected using DESeq2, iDINGO, and MOTA. 

Top k DESeq2 iDINGO MOTA 
Top 
10 

1 
(ID3) 0 2 

(FGFR2, PDGFRA) 

Top 
50 

3 
(ID3, PDGFRA, 
HIST1H3B) 

1 
(PDGFRA) 

6 
(FGFR2, PDGFRA, ID3, CDH1, SMO, 

EPAS1) 

Top 
100 

4 
(ID3, PDGFRA, 
HIST1H3B, 
HSP90AB1) 

3 
(PDGFRA, 
CSF1R, SMO) 

8 
(FGFR2, PDGFRA, ID3, CDH1, SMO, 
EPAS1, HIST1H3B, HSP90AB1) 

 

3.5 Discussion 

The way MOTA calculates MOTA score for each node considers both the differential 

expression level of itself and all of its connected nodes. As a consequence, features with high 

p-values may get selected by MOTA. As shown in Table 12, tyrosine and a-TOH are 

statistically insignificant in the GU1 cohort. However, we can see from Table 13 that a-

TOH ranks 3rd in TU cohort and its p-value is 0.009. This indicates that there might be very 

large difference in p-values calculated in different cohorts of the same study. This maybe 

one of the reasons for the poor generalizability of biomarkers selected by the traditional 

differential expression analysis. Further exploration of the reason of high p-value for these 

two metabolites in GU1 cohort is needed. For example, dot plots will help to visualize the 

distribution of expression levels of these two metabolites for each individual sample and this 

may help to uncover the reason of high p-values of these metabolites.  
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We think the approach MOTA adopts can select promising biomarker candidates which are 

generalizable over a wide population and our current evaluation results (Table 13) support 

this idea. To use the outcome of MOTA in a clinical setting, the level of an individual 

metabolite will need to be measured as an indicator for a specific disease. Considering the 

ranking results by Student’s t-test and MOTA from Table 14, we may recommend adopting 

pyroglutamic acid or glycine (p-value:0.01 and 0.01, MOTA ranking: 3rd and 4th) as potential 

biomarker candidates. The reason is that these two metabolites possess low p-values and 

high MOTA scores and thus they potentially have good disease classification power and 

generalizability over a larger population. In view of this, future work should focus on 

investigating further the MOTA score calculation such that features with low p-value in the 

seed network have larger contribution. This will not only ensure that features with small p-

values have a better chance of being selected, but also take into consideration the 

contributions of the node degree and p-values of nodes connected to it.   

 
 
We compared the performance of MOTA to that of iDINGO in terms of number of overlaps 

between top-ranked metabolites in the GU1 and TU datasets. We found that MOTA 

identified more overlapping metabolites compared to Student’s t-test and iDINGO. Note that 

the goal of iDINGO is to locate edges representing altered correlation relationships between 

feature pairs in a differential network rather than ranking candidate biomarkers. We used 

node degree of each node calculated by iDINGO to rank metabolites in the GU1, TU, and 

combined GU and TU datasets and compared the results obtained by MOTA to those 

obtained using the other methods. In terms of activity score calculation, MOTA considers 

both statistical significance and topology of a differential network. Our results indicate that 
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considering both of these two aspects helps overcome inherent cohort disparities and 

provides more generalizable results when examining different cohorts of samples. 

 

We performed a GO analysis to further understand the meaning of genes selected by 

different methods. As shown in Table 14, the GO terms generated using genes top-ranked 

by iDINGO, which emphasizes hub genes from a differential network, are related to 

nucleosome and chromatin assembly or DNA packaging, which are closely related to DNA 

replication. Under the scenario of cancer development, specifically HCC in this study, this 

result indicates that many genes involved in the process of DNA replication, which is a 

primary phenotypic change in cancer development, may play an important role in HCC 

development. On the other hand, MOTA went one step further compared to iDINGO by 

considering the statistical significance of nodes (differential expression) along with the 

differential correlation between nodes. MOTA ranked in the top 30 mRNAs that are related 

to more specific pathways or cell functions, such as regulation of protein kinase B (PKB) 

signaling which are well studied biological processes involved in cancer development or 

even liver cancer specifically [76], [77]. 

 

One of the shortcomings of MOTA is its relatively weak performance in disease 

classification. We speculate that a potential reason is that MOTA is focused on ranking 

features instead of selecting a parsimonious set of features that leads to improved 

classification accuracy or features with the most significant difference between disease and 

control groups. Further investigation is needed to have a comprehensive ranking method that 
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considers the classification performance or to select a set of features from the top-ranked 

ones with the highest classification accuracy.  

 

Also, MOTA accomplishes multi-omics integration by starting with a network from the first 

omics dataset (Omics 1 in Figure 10) and mapping features (nodes) from other omics 

datasets (e.g., Omics 2 and Omics 3) onto the network. Future work will focus on 

investigating not only the interactions among features in Omics 1 vs. Omics 2, and Omics 1 

vs. Omics 3 as in Figure 10, but also the interactions among features in Omics 2 vs. Omics 

3. For instance, we ranked metabolites based on metabolite–metabolite, metabolite–glycan, 

and metabolite–protein associations. However, glycosylation, which is reflected by 

associations between protein molecules and glycans, also plays an important role in 

biological regulation. Moreover, increasing biological databases have become available 

where large amounts of experimentally validated interactions between biomolecules from 

different biological layers are recorded and can be accessed easily, such as STRING 

(http://string-db.org), KEGG (http://www.genome.jp/kegg), BioGRID (http://thebiogrid.org) 

and ConsensusPathDB (cpdb.molgen.mpg.de) [82][83][84][85]. The prior knowledge can 

be explored to incorporate into the proposed data-driven method to minimize the false 

positive created by pure data-driven method. Further improvement of MOTA will take these 

aspects into consideration. 

 

For the purpose of comparison selected gene sets via different methods, we performed GO 

analysis using the top 30 genes ranked by different methods. Table 14 presents different GO 

terms generated based on gene sets selected by different methods. We conducted the GO 
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analysis using the top-ranked 100 genes by three different methods, which led to a large 

number of overlapping GO terms such as chromatin assembly, DNA packaging, nucleosome 

assembly, negative regulation of epigenetic, cellular response to cytokine stimulus, etc. This 

indicates that the three methods seem to point to more similar GO terms as the number of 

genes in the gene sets increases. The difference between the methods is mainly in terms of 

the ranking of the features.   

 

In terms of computing time, MOTA took around 2 min on a Mac computer with Intel Core 

i5 CPU, 8G RAM, and 256G SSD hard drive to analyze the GU1 and TU datasets that 

include 53 and 66 metabolites, respectively, and around 200 features from other omics 

datasets. It took 51 min to analyze the GU2 dataset, which involves 549 mRNAs and 900 

features from other omics datasets. Note that MOTA’s running time is mainly determined 

by the size of the omics dataset whose biomolecules are to be ranked, because of the 

permutation test (1000 times during testing) that requires a considerable amount of running 

time. 

 

It is important to validate the results obtained by computational methods. Currently, we 

sought for previous publications to support the biological significance of edges created by 

MOTA and biomarkers selected by our algorithm. Furthermore, we can do targeted 

quantitation experiment using a new cohort of samples with a larger sample size and confirm 

if the selected biomarkers are still differentially expressed. We also should investigate the 

reproducibility of edges. In addition, for specific edges created by MOTA, experimental 

validation can be done for validation. For example, we have found that there is an edge 
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connecting glycine and threonine in the GU1 MOTA network and we found the reason is 

that these two amino acids are correlated in normal group, but this correlation disappears in 

cancer group. Threonine is a precursor of glycine and this reaction is catalyzed by threonine 

aldolase. We can carry out an enzyme activity assay for threonine aldolase to investigate the 

change of enzyme activity between control and case samples. This might be a potential 

approach to validate/solidify the idea of differential correlation MOTA adopts.  

 

3.6 Conclusion 

In this work, we introduce MOTA, a network-based method for ranking candidate disease 

biomarkers. Using three sets of multi-omics data representing three different cohorts, we 

demonstrated that MOTA allows the identification of more top-ranked biomarker candidates 

that are shared by two cohorts compared to t-test and iDINGO. Also, the networks 

constructed by MOTA allow the evaluation of the biological significance of biomarker 

candidates. Moreover, MOTA ranks higher cancer driver genes compared to other traditional 

differential expression methods. GO analysis result showed that genes ranked high by 

MOTA were enriched for gene functions that are closely related to carcinogenesis. 
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4. Conclusion and Future Work 

Recent tremendous advancement of metabolomics provides clinical researchers with a fast 

and accurate way to search for metabolite biomarkers for human disease. However, 

challenges have to be overcome before this methodology can be used for clinical purpose. 

The challenges in the metabolomics-based biomarker discovery research include metabolite 

identification and biomarker selection methods.  

This dissertation aims to develop approaches to overcome the aforementioned challenges. 

Specifically, this dissertation sought to develop the following:  

• A machine-learning based method for identification of metabolites whose reference 

measurements are not available in spectral libraries identification. 

• A network-based method which investigates the association of biomolecules with 

disease on the basis of the statistical significance not only of changes in their levels 

but also of changes in their interactions at multiple levels using data from multi-

omics studies.  

A new method, MetFID, is developed to facilitate the identification of metabolites whose 

reference MS/MS spectra are not present in spectral libraries. MetFID uses an artificial 

neural network (ANN) trained for predicting molecular fingerprints based on experimental 

MS/MS data. We observed that training separate models for a pre-specified narrow range of 

collision energies helps enhance model performance compared to a model that covers a wide 

range of collision energies. Tool comparison evaluation results demonstrated that MetFID 
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improves the accuracy of ranking putative IDs by more than 5% compared to other tools 

such as ChemDistiller, CSI:FingerID, and MetFrag. 

 

Furthermore, we developed a network-based method, MOTA, which uses data acquired at 

multiple biological layers to rank candidate disease-associated molecules. The networks 

constructed by MOTA allow users to investigate the biological significance of the top-

ranked biomarker candidates. Our evaluation results showed that MOTA allows the 

identification of more top-ranked metabolite biomarker candidates that are shared by two 

different cohorts compared to traditional statistical methods. Also, the mRNA candidates 

top-ranked by MOTA comprise more cancer driver genes than other methods, such as 

Student t-test and iDINGO. 

 

Together, the proposed methods for metabolite identification (MetFID) and biomarker 

selection (MOTA) will contribute to systems metabolomics by enhancing the role of 

metabolomics in systems biology research for biomarker discovery. 

 

The work described in this dissertation leaves considerable room for future research. Below 

are some of the drawbacks and future directions for improvement of MetFID and MOTA. 

 

Future direction and improvements for MetFID: 

• Tool Development: In order to share MetFID with the metabolomics community, we 

plan to develop MetFID into a python package or a web-based tool. 
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• Elongate Fingerprint: Currently, we adopted 528 digits of fingerprint calculated 

using OpenBabel. There are other types of fingerprint suitable in fingerprint 

prediction including CDK substructure fingerprint (307 digits), PubChem CACTVS 

(881 digits) and etc., and they have been adopted by tools such as SIRIUS 4 

[50][86][87]. Fingerprint elongation will help the trained ANN to distinguish spectra 

better with larger number of molecular structural or chemical properties especially 

for molecules with high structural similarity.  

• ANN Variations: Current ANN is a basic neural network model and its variations 

needs to be explored aiming to enhance tool performance. For example, 

convolutional Neural Network (CNN) will be explored by adding convolutional 

filters following the input layer. 

• NIST 20 Training Dataset: It been reported that larger number of training spectra 

will help to enhance the fingerprint prediction performance [14][15]. We plan to 

retrain our model using NIST20 spectra library which contains 15K more compounds 

compared to current version. We hope will help to further improve our tool 

performance.  

• Lipid molecules compatibility: Fragmentation patterns differ between general small 

molecule metabolites and lipid molecules. Currently MetFID is trained and tested 

using MS/MS spectra from metabolites. It is interesting to test if current MetFID can 

achieve similar fingerprint prediction performance for lipid molecules. If not, it is 

worth investigating to train ANN using lipid molecules and test if the method is 

expandable to lipid molecules.  
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• MSe compatibility: MSe is a type of metabolomics approach where all precursors 

within a scan are fragmented. Therefore, it will be important for the MSe spectra to 

be further processed via deconvolution methods such that MS/MS peaks from 

different precursor ions are separated prior to using MetFID. However, it will be 

interesting to explore the potential capability of machine learning methods for 

analyzing an MS/MS spectrum which contains peaks from more than one precursor 

ion. 

 

Future direction and improvements for MOTA: 

• Tool Development: In order to share MOTA with research community, we plan to 

expand INDEED package (curated in bioconductor) by incorporating MOTA for 

multi-omics integrative analysis. Network visualization function will be provided 

with which researchers will be able to locate node pairs or modules of interest for 

further experimental investigation.  

• Prior Knowledge incorporation: Information about various types of biomolecule 

interactions can be utilized to make the construction of edges in MOTA more robust. 

Futurework should explore how prior knowledge from databases such as STRING, 

KEGG, BioGRID and ConsensusPathDB can be incorporated into network 

construction by MOTA. Current implementation of MOTA considers both normal 

and disease conditions during network construction. Thus, MOTA is amenable to 

incorporating prior biological knowledge under normal conductions or those that are 

disease-specific.  
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Appendix: Supplementary Material for Chapter 3 

 

This part consists of the following: 

§ Section S1. Characteristics of subjects 

§ Section S2.  Simulation study to determine the correlation method for evaluating 

inter-omic edges 

§ Section S3. Simulation study to determine the threshold for inter-omic edges 

Section S1. Characteristics of subjects 

 
The samples in this study were obtained from participants recruited in Egypt and the US . 

Adult patients with HCC or cirrhosis recruited from the outpatient clinics and inpatient wards 

of the Tanta University (TU) Hospital, Egypt. In this study, these participants are referred to 

as TU study cohort, which consists of 89 subjects (40 HCC cases and 49 patients with liver 

cirrhosis). The characteristics of the patient population in the TU study cohort are 

summarized in Table S1. All participating patients provided informed consent before taking 

part in the study. The study protocol was approved by the Tanta University Ethical 

Committee. Patients were diagnosed to have cirrhosis on the basis of established clinical, 

laboratory and/or imaging criteria with ultrasound examination. Cases were suspected to 

have HCC if they had focal lesion in ultrasound examination and/or elevated AFP above 

200 ng/ml, but only diagnosed to have HCC based on well-established diagnostic imaging 

criteria with spiral CT scanning and/or histopathology examination of liver biopsy. Clinical 

stages for HCC cases were determined based on the TNM staging system. Suspected cases 

that were not confirmed by CT or biopsy were excluded from both groups of this study. After 

sample collection, coded/de-identified samples were transported in dried ice to Georgetown 

University and stored in -80°C freezer until use. Along with the samples, we received a data 

set of non-identifiable information including age, gender, viral infection status, and disease 
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stage of the study participants. We did not have access to identifying information or any 

information that allow to readily ascertaining the identity of the participants in the TU cohort. 

 

The US participants in this study are adult patients recruited from the hepatology clinics at 

MedStar Georgetown University (GU) Hospital, Washington, DC. All patients provided 

informed consent and the study was approved by the Institutional Review Board at 

Georgetown University. Patients with liver cirrhosis were diagnosed on the basis of 

established clinical, laboratory and/or imaging criteria. Cases were diagnosed to have HCC 

based on well-established diagnostic imaging criteria and/or histology. Clinical stages for 

HCC cases are determined based on the TNM staging system. After collection in 

Georgetown University Hospital, coded/de-identified samples were stored in -80°C freezer 

until use. Along with the samples, we received a data set of non-identifiable information 

including age, gender, viral infection status, and disease stage of the study participants. In 

this study, these US participants are split into two cohorts and are referred to as GU1 and 

GU2 study cohorts. The participants in the GU1 study cohort consist of 94 subjects (48 HCC 

cases and 46 patients with liver cirrhosis). The characteristics of the GU1 study cohort are 

summarized in Table S2.  The participants in the GU2 cohort consist of 65 subjects (40 HCC 

cases and 25 patients with liver cirrhosis). Table S3 provides the characteristics of the GU2 

study cohort.  
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Table S1. Characteristics of the TU study cohort. 

  HCC (n=40) Cirrhosis 
(n=49) p-value 

Age Mean (SD) 53.2 (3.9) 53.8 (7.6) 0.3530 
     
BMI Mean (SD) 24.9 (3.1) 24.5 (4.4) 0.6513 
     
Gender Male   77.5%   67.3% 0.3474 
     
HCV serology HCV Ab+ 100.0% 100.0% 1.0000 
     
HBV serology HBsAg+     0.0%     6.1% 0.2492 
     
MELD Mean (SD) 18.6 (7.7) 18.9 (7.1) 0.1328 
 MELD  10   20.0%   12.2% 0.3863 
     
Child-Pugh 
grade A 15.0% 0% 

0.0117  B 47.5% 46.9% 
 C 37.5% 53.1% 
     
AFP  Median (IQR) 275.9 (1244.3)   
     
HCC stage Stage I   72.5%   
 Stage II   15.0%   
 Stage III     5.0%   
 Unknown     7.5%   

  

 

  

£



 
 

75 
 

 

 
Table S2. Characteristics of the GU1 study cohort. 

  HCC (n=48) Cirrhosis 
(n=46) p-value 

Age Mean (SD) 60.2 (6.0) 58.9 (7.1) 0.3443 
     
BMI Mean (SD) 29.6 (6.1) 29.4 (6.9) 0.8978 
     
Gender Male 77.1% 73.9% 0.8121 
     
Ethnicity Caucasian 50.0% 63.0% 

0.4566  African 
American 33.3% 26.1% 

 Others 16.7% 10.9% 
     
HCV serology HCV Ab+ 68.8% 41.3% 0.0033 
 HCV RNA+ 62.5% 39.1% 0.0385 
     
HBV serology Anti HBC+ 45.8% 26.1% 0.0554 
 HBsAg+ 8.3% 2.2% 0.3619 
     
MELD Mean (SD) 11.3 (4.1) 17.3 (16.1) 0.0190 
 MELD ≤ 10 47.9% 10.9% 0.0042 
     
Child-Pugh 
grade* A 46.3% 13.0% 

0.0008  B 43.9% 54.3% 
 C 9.8% 32.6% 
     
AFP Median (IQR) 38.8 (91.1) 4.5 (11.85) 0.0001 
     
HCC stage Stage I 54.2%   
 Stage II 22.9%   
 Stage III  6.3%   
 Unknown 16.7%   

*Child-Pugh grade is unknown in seven HCC patients.  
  



 
 

76 
 

 

 
Table S1. Characteristics of the GU2 study cohort. 
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Section S2. Simulation study to determine the correlation method for evaluating inter-
omic edges.  
 

In order to determine the correlation method that is best suited for evaluating inter-omic 

connections, we performed a simulation study. Specifically, we compared the performance 

of Pearson correlation, rCCA, and rgCCA for inferring correlations of features in different 

datasets. This was accomplished by generated three simulation datasets (𝑿, 𝒀 and 𝒁) with 

100 features/variables and sample sizes of 10, 30, 50 and 100 for all three data sets. We 

assumed that only 𝑿, 𝒀 and 𝑿, 𝒁 have associations. A subset of relevant variables in 𝑋 is 

associated with a subset of relevant variables in 𝒀 and 𝒁 according to the model described 

below, and the remaining variables are simulated as noises.  

1. Subsets of relevant variables from 𝑿 and 𝒀 datasets were generated with covariance 

matrix å defined by: 

å = k
åII åIJ
åIJ
! åJJ

l, with åIJ = m
𝑨IJ 0 0
0 𝑩IJ 0
0 0 𝑪IJ

p 

Relevant variables from Z dataset were generated using the same method as described 

above.  

2. 𝑿 consists of three independent sets with 10, 10 and 3 variables  and they are annotated 

as 𝑿K = [𝒙K9 , ⋯ , 𝒙K9L], 𝑿M = [𝒙M9 , ⋯ , 𝒙M9L] and 𝑿N = [𝒙N9 , 𝒙N, , 𝒙NO].  

3. 𝒀 consists of three independent sets with 10, 5 and 2 variables and they are annotated as 

𝒀K = [𝒚K9 , ⋯ , 𝒚K9L], 𝒀M = [𝒚M9 , ⋯ , 𝒚MP ] and 𝒀N = [𝒚N9 , 𝒚N,]. 𝒁 has the same structure as 𝒀 

and annotated as 𝒁K = [𝒛K9 , ⋯ , 𝒛K9L], 𝒁M = [𝒛M9 , ⋯ , 𝒛MP ] and 𝒁N = [𝒛N9 , 𝒛N,]. 

4. The relevant variables in 𝑿K and 𝒀K were generated with a negative cross-correlation 

with correlation coefficient in the range of -0.91 to -0.61. The variables in 𝑿M and 𝒀M 

were generated with a positive cross-correlation with correlation coefficient in the range 

of 0.53 to 0.95. The variables in  𝑿N  and 𝒀N  were generated with an absolute cross-

correlation coefficient in the range of 0.81 to 0.93. 𝒁K, 𝒁M  and 𝒁N  share the same 

correlational relationship with the variables in X with variables in 𝒀 .  
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5. The noise variables were generated assuming normal distributions with zero mean and 

variance one. The noise variables were appended to the subsets which described above 

such that final data set consist of 100 variables for all 𝑿, 𝒀 and 𝒁.  

 

 

Cross-covariance matrix between 𝑿  and 𝐘   
 

åIJ = m
𝑨IJ 0 0
0 𝑩IJ 0
0 0 𝑪IJ

p 

 
where one simulation example of 𝑨IJ, 𝑩IJ and 𝑪IJ are given in Tables S4, S5, and S6, 
respectively. Covariance matrix between X and Z share a similar pattern with different 
number of variables.  
 
 
 
 
 
 

Table S2. 𝑨𝑿𝒀	covariance matrix. 

 𝒙K9  𝒙K, 𝒙KO 𝒙KS 𝒙KP 𝒙KT 𝒙KU 𝒙KV 𝒙KW  𝒙K9L 
𝒚K9  -0.92 -0.76 -0.79 -0.84 -0.76 -0.80 -0.78 -0.85 -0.80 -0.69 
𝒚K,  -0.88 -0.86 -0.76 -0.80 -0.72 -0.79 -0.81 -0.76 -0.70 -0.68 
𝒚KO  -0.74 -0.72 -0.89 -0.83 -0.69 -0.79 -0.80 -0.81 -0.75 -0.72 
𝒚KS  -0.72 -0.69 -0.81 -0.92 -0.66 -0.77 -0.72 -0.82 -0.70 -0.80 
𝒚KP  -0.78 -0.66 -0.79 -0.81 -0.87 -0.74 -0.71 -0.87 -0.82 -0.76 
𝒚KT  -0.82 -0.76 -0.76 -0.81 -0.68 -0.90 -0.72 -0.78 -0.74 -0.76 
𝒚KU  -0.82 -0.74 -0.84 -0.79 -0.75 -0.71 -0.86 -0.80 -0.73 -0.66 
𝒚KV  -0.79 -0.68 -0.73 -0.79 -0.72 -0.77 -0.77 -0.84 -0.84 -0.71 
𝒚KW  -0.84 -0.72 -0.78 -0.82 -0.82 -0.83 -0.74 -0.84 -0.90 -0.70 
𝒚K9L -0.76 -0.73 -0.78 -0.74 -0.73 -0.81 -0.77 -0.77 -0.78 -0.84 
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Table S3. 𝑩𝑿𝒀 covariance matrix. 

 𝒙M9  𝒙M,  𝒙MO  𝒙MS  𝒙MP  
𝒙M9  0.91 0.68 0.82 0.79 0.77 
𝒙M,  0.80 0.87 0.77 0.78 0.83 
𝒙MO  0.78 0.66 0.91 0.75 0.78 
𝒙MS  0.78 0.63 0.77 0.87 0.69 
𝒙MP  0.73 0.78 0.82 0.75 0.94 
𝒙MT  0.76 0.63 0.82 0.79 0.73 
𝒙MU  0.79 0.67 0.81 0.78 0.73 
𝒙MV  0.82 0.67 0.81 0.71 0.69 
𝒙MW  0.83 0.69 0.77 0.69 0.64 
𝒙M9L 0.80 0.63 0.90 0.72 0.70 

 
 
 

Table S4. 𝑪𝑿𝒀 covariance matrix. 

 𝒙N9  𝒙N,  
𝒚N9  0.92 -0.82 
𝒚N,  0.82 -0.87 
𝒚NO  0.82 -0.83 

  

 

 

Figure S1. Illustration of simulated data. Only associations of features in X&Y and X& 
Z are considered. The features in blocks with the same color (A, B and C) are associated 
and D blocks are noise variables with no association. Any two features across the same color 
blocks have an association and corresponding correlations. Note that we only consider 
associations across different datasets rather than within the same dataset. Specially, the 
relevant variables in X_A and Y_A have negative correlation (-0.91 ~ -0.61), the relevant 
variables in X_B and Y_B have been assigned positive correlation (0.53~0.95) and relevant 
variables in X_c and Y_c have positive or negative correlation (absolute correlation 0.81 ~ 
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0.93). Z dataset was generated using the same idea as  Y  . X_D, Y_D, Z_D are noise 
variables generated assuming normal distributions with zero mean and variance one. 

 

 

 

We adopted the same method as in ref. [21] to draw the error curve to compare three methods 

(Pearson, rCCA and rgCCA) to infer inter-omic connections. Specially, the correlation 

matrices are calculated using the three methods and a series of ‘signed’ adjacency matrices 

(1 or -1 indicates that the absolute value of correlation between two variables are higher than 

the threshold and 0 indicates that the absolute value of correlation between two variables are 

lower than the threshold) are generated according to a threshold ranging from 0 to 1 with a 

step of 0.01 and each inferred adjacency matrix is annotated as A. Based on the ground truth 

adjacency matrix G, the error rate is calculated using the equation below. 

v
|𝐆− 𝑨|
𝑛 																									 

where 𝑛 is the number of elements in correlation matrix. Each error rate is calculated based 

on the average from 500 simulations. 
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Figure S2. Error rate for the inferred network from Pearson correlation, rCCA, and 
rgCCA. Average of error rate for 500 simulations with 10 (a), 30 (b), 50 (c) and 100(d) 
samples. 

 

 

 

Figure S2 shows that rgCCA achieves the lowest error rate in all of four simulation setups 

regardless of the threshold level. Therefore, not only rgCCA overcomes the limitation of 

rCCA but also it has a better performance for inferring inter-omic connections.  
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From Figure S2, it can be observed that small sample size tends to increase the error rate of 

network inference. We expect further increase of error rate when the number of variables 

gets larger. 

 

 

 

Section S3. Simulation study to determine the threshold for inter-omic edges  

 

To determine inter-omic connections using differential canonical correlation, we had to 

specify a cutoff that determines where or not an edge connecting two nodes should be added. 

A 0.5 cutoff led to the creation of 39 inter-omic edges for the GU1 dataset and 109 edges for 

the TU dataset. These represent 0.4% of all possible edges (9,699 possible edges) and 0.9% 

(12,012 possible edges) for the GU1 and TU datasets, respectively. Analysis of the data by 

MOTA led to four overlapping metabolites between the GU1, TU and GU1&TU combined 

datasets with relatively high ranking for tyrosine and a-TOH. A 0.4 cutoff increased the 

inter-omic connections to 313 for GU1 dataset and to 549 for the TU dataset, which 

constitute about 3.2% and 4.6% of all possible edges, respectively. However, four 

overlapping metabolites were ranked by MOTA in the top 10 by MOTA in both datasets 

with tyramine replaced by glycine. Tyramine disappeared from the top 10 ranked list in the 

GU1 dataset and glycine’s ranking increased to 9th in the TU dataset. The reason for glycine’s 

ranking increase is that it connects more glycans after lowering the cutoff. As shown in 

Figure 3, there are edges connecting glycine with three glycans in the GU1 network, 

although these glycans do not have low p-values. For potential MOTA users, we recommend 

that they determine the cutoff starting from calculating the differential correlation for all 

possible edges. Then, 0.5% of all possible edges could be created if a strict cutoff is desired 

and 5% of all possible edges could be created if a relatively loose cutoff is desired. With the 

information, a data-set specific cutoff could be determined.  
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