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Abstract of Thesis 
 
 

Predicting Risk in Type 2 Diabetes and Clear Cell Renal Cell Carcinoma with 
Glycosylation Data and Machine Learning 

 
 

Glycosylation is an essential post-translational modification of proteins that 

influences many physiological and pathophysiological processes. Altered glycosylation 

patterns are associated with a variety of human diseases, including type 2 diabetes (T2D) 

and cancer, and may serve as novel biomarkers for early detection, diagnosis, or prognosis. 

Recent advances in analytical techniques have made it possible to explore the glycome and 

glycoproteome for potential biomarkers and therapeutic targets. However, the use of 

artificial intelligence for extracting clinically relevant insights from glycosylation data 

remains limited. This study aimed to investigate the predictive potential of glycomic and 

glycoproteomic data using machine learning (ML) algorithms. A machine learning pipeline 

was used to develop predictive models from two independent datasets.  The first dataset 

included plasma N-glycan baseline profiles from 74 FinRisk participants, with 37 

individuals developing T2D and 37 remaining normoglycemic. The second dataset 

contained N-glycopeptide abundances from 103 CPTAC clear cell renal cell carcinoma 

(ccRCC) tumors. The T2D model, an XGBoost classifier, predicted the risk of T2D 

diagnosis within ten years and achieved an AUC of 0.812. The ccRCC model, a multilayer 

perceptron classifier, predicted the risk of progressive disease within five years of surgical 

resection and yielded an AUC of 0.943. The results demonstrate the potential of glycomic 

and glycoproteomic data for risk prediction in T2D and ccRCC and underscore the value 

of ML for detecting subtle patterns in complex glycosylation datasets. Furthermore, this 

study marks the first integration of ML-ready datasets with the GlyGen knowledgebase 
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and glycosylation-related models within the PredictMod platform, enhancing the 

accessibility and utility of glycosylation data and predictive models for potential clinical 

and research applications.  
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Chapter 1: Introduction 
 
 

Diabetes is a chronic disease characterized by elevated blood glucose 

(hyperglycemia). The prevalence of diabetes is increasing globally, affecting 537 million 

adults worldwide as of 20211. Type 2 diabetes (T2D) accounts for approximately 90% of 

all cases2 and is often accompanied by other life-threatening complications, including 

obesity, chronic inflammation, cardiovascular disease, and kidney failure3. The increasing 

incidence of T2D presents a significant public health challenge largely driven by sedentary 

lifestyles and poor dietary habits. Studies indicate that many cases of T2D can be prevented 

through lifestyle changes or pharmacological agents, underscoring the need for early 

detection of at-risk patients and targeted interventions4.  

Renal cell carcinoma (RCC) is a highly heterogeneous cancer originating from 

renal tubular epithelial cells5. The incidence of RCC has more than doubled in the United 

States since 1975 and accounts for approximately 2% of cancer diagnoses and deaths 

worldwide6. Clear cell renal cell carcinoma (ccRCC) is the most common subtype, making 

up approximately 75% of all renal carcinomas7. In patients with clinically localized 

disease, surgical resection is the standard of care8. However, about 30% of patients with 

localized ccRCC eventually develop metastases, requiring systemic immune modulation-

based therapies5. Despite declining mortality rates due to advances in early detection and 

immunotherapy, the five-year survival rate of patients with metastases in the regional 

lymph node drops to 30% and as low as 5% in the case of distant metastases9. Therefore, 

accurate stratification of low-risk (long-term survival) and high-risk (progressive disease) 

groups shortly after surgical resection could improve patient outcomes by identifying 

patients most likely to benefit from follow-up imaging or adjuvant therapies.  
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Protein glycosylation is one of the most abundant post-translational modifications, 

influencing protein folding, stability, and function10. Unlike the templated synthesis of 

DNA, RNA, and proteins, glycosylation pathways are dynamic and influenced by 

environmental and cellular factors11. Aberrant glycosylation is recognized as a hallmark of 

cancer and has been shown to play a prominent role in regulating oncogenesis and 

progression12. In ccRCC, specific glycosylation patterns have been proposed as potential 

diagnostic and prognostic biomarkers and as novel targets for cancer therapy13. Glycans 

are also emerging as promising potential biomarkers and contributors to diabetes and its 

complications14. Research has shown that altered plasma protein glycosylation patterns can 

predict insulin resistance and T2D up to a decade before onset15,16. 

Recently, rapid developments in analytical techniques for characterizing protein 

glycosylation have facilitated a deeper understanding of the biological functions of glycans 

and the discovery of clinically relevant biomarkers17. These technologies have enabled 

more precise elucidation of glycan structures and their functional impact. Due to the highly 

context-specific nature of glycosylation and its involvement in numerous diseases, 

integrating glycosylation profiles into precision medicine strategies could provide new 

perspectives and enhance clinical outcomes. With the emergence of large-scale quantitative 

studies, there is a growing need for advanced computational tools to analyze these complex 

datasets. Artificial intelligence (AI), including machine learning (ML) and deep learning 

(DL), has revolutionized the ability to extract meaningful insights from large datasets. 

However, the application of AI for predicting clinical outcomes and biomarker discovery 

in the fields of glycomics and glycoproteomics remains relatively unexplored18. 



3 
 

 Given the strengths of machine learning in detecting subtle patterns within complex 

datasets, this study aimed to investigate the predictive potential of glycomic and 

glycoproteomic data using ML algorithms. Machine learning pipelines were used to 

develop and evaluate classifiers with two independent datasets. The T2D dataset, derived 

from the FinRisk19 cohort, contained plasma N-glycome abundances and was used to 

predict the risk of incident T2D within ten years. The ccRCC dataset, from the CPTAC20 

study, contained tumor tissue glycopeptide abundances and was used to predict the risk of 

disease progression within five years post-surgery. Furthermore, the datasets and resulting 

models were integrated with the bioinformatic resources GlyGen21 and PredictMod to 

enhance the accessibility and utility of these findings for potential clinical and research 

applications. 
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Chapter 2: Glycans and Glycosylation 
 
 

2.1 Introduction to Glycans and Protein Glycosylation 

Universal to all cells in nature and essential for life, glycans are a class of 

structurally diverse macromolecules that mediate or modulate a variety of crucial 

biological processes such as protein folding and trafficking, immune recognition, and cell 

signaling22. Glycans exist as saccharide monomers or covalently linked chains of 

saccharides, forming complex linear or branched oligosaccharide structures. Often bound 

to other macromolecules such as proteins or lipids, glycans are ubiquitous in extracellular 

spaces, all cellular compartments, and within the nucleus and cytoplasm23. 

Protein glycosylation refers to the covalent attachment of glycans via glycosidic 

linkages to a target polypeptide. Glycosyltransferases (enzymes that initiate, elongate, and 

transfer carbohydrates) and glycosidases (enzymes that remove carbohydrates) act 

sequentially to initiate, assemble, and process diverse combinations of glycan structures, 

differing not only by monosaccharide composition but also by configuration (α or β) and 

connectivity (linked carbons, e.g., 1,6) of the glycosidic bonds24.  The repertoire of glycans 

produced by a cell is heavily influenced by the kinetic properties of glycosyltransferases 

and determined by various factors, including competing reactions, availability of activated 

sugar donors, and abundance of enzymes and substrates25.  

Environmental and cellular factors influence glycan synthesis and the glycosylation 

machinery, producing variations of expressed proteins (proteoforms) with different 

properties, affecting the function of the proteins they modify, and expanding the proteome 

beyond the genome-encoded template11. Glycosylation profiles are context-specific and 

vary depending on species, cell type, protein, and site26. The occupancy of a particular 
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glycosylation site (macroheterogeneity) and the specific glycan structures at an individual 

site (microheterogeneity) are highly dependent on the expression and specificities of 

glycosyltransferases and reflect cellular status under physiological and pathological 

conditions17. 

 

2.2 Glycosylation Types 

Glycosylation types are distinguished according to the unique initiating enzyme, 

reducing end monosaccharide, and linkage to the modified amino acid residue. The most 

thoroughly characterized glycosylation types, asparagine-linked (N-linked) and 

serine/threonine-linked (O-linked), are found on most proteins processed by the secretory 

system17. Additionally, many proteins residing within the cytosol and nucleus are modified 

in these compartments with O-linked N-acetylglucosamine (GlcNAc)27. Other types of 

glycosylation include glycosaminoglycans (GAGs), glycosylphosphatidylinositol (GPI) 

anchors, and domain-specific O-linked and C-linked modifications, however these are 

beyond the scope of this study. 

 

N-Linked Glycosylation 

N-linked glycosylation is defined as the attachment of GlcNAc by a β−1 linkage to 

the side chain nitrogen of one or more asparagine residues in a polypeptide chain. N-

glycans play a crucial role in many intracellular and extracellular functions, ensuring 

quality control and proper folding of proteins and regulating numerous cellular 

interactions28. The N-glycosylation pathway is initiated within the endoplasmic reticulum 

(ER), where the primary enzyme of the pathway, oligosaccharyltransferase (OST), 



6 
 

transfers a 14-sugar oligosaccharide moiety to a specific amino acid sequon, Asn-X-

Ser/Thr (NXS/T), where X represents any amino acid other than proline. However, not all 

NXS/T sequons are glycosylated, as this process is subject to various factors such as 

proximity to a transmembrane domain, adjacency to another N-glycosylation site, and 

competition with protein folding enzymes29. As the glycoprotein proceeds through the ER 

and Golgi apparatus, glycosidases trim the oligosaccharide initially attached by OST, and 

glycosyltransferases catalyze elongation, branching, and capping of the glycan28. Once 

processing and maturation are complete, the majority of N-linked glycoproteins are 

secreted or presented on the cell surface. 

All N-linked glycans contain a conserved structure at their reducing end, consisting 

of two GlcNAc (i.e., chitobiose core) and three mannose residues. Additional 

monosaccharide residues extend the core structure to form three subtypes: high mannose, 

complex, and hybrid (Figure 1). High-mannose glycans consist of unsubstituted terminal 

mannose residues attached to the chitobiose core. These structures are typically found 

within the interior of folded proteins and primarily contribute to glycoprotein structural 

stability30. Complex glycans can contain galactose (Gal), fucose (Fuc), N-

acetylglucosamine (GlcNAc), N-acetylgalactosamine (GalNAc), N-acetylneuraminic acid 

(NeuAc), and N-glycolylneuraminic acid (NeuGc) in their antennae. The branches are 

typically elongated by GlcNAc and Gal residues, forming type-2 N-acetyllactosamine 

(LacNAc), and can be capped with sugars extending away from the LacNAc sequence for 

presentation to glycan-binding proteins and antibodies28. Hybrid glycans contain both 

unsubstituted terminal mannose residues, as in high-mannose structures, and antennae 

substituted with other sugar residues, such as those in complex glycans. The processing of 
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N-glycans is modulated by the position of the glycosylation site. Consequently, sites with 

more accessibility to Golgi enzymes are more likely to be occupied by complex N-

glycans31. 

 

O-Linked Glycosylation 

In O-linked glycosylation, the hydroxyl group of an amino acid (usually serine or 

threonine) is modified by a glycan, typically initiated by either GalNAc or GlcNAc.  

Mucin-type O-glycosylation is found on most secreted and extracellular glycoproteins, 

including mucins, which are heavily O-glycosylated proteins that line epithelial surfaces 

in the body and protect against cellular damage and infection32. The mucin-type pathway 

is initiated in the Golgi by multiple GalNAc transferases (GALNTs), which are responsible 

for transferring a GalNAc via an α−1 linkage to the Ser/Thr residue(s) of a folded 

glycoprotein. There is no consensus sequence for O-glycosylation due to the varied 

substrate preferences of GALNTs, however these enzymes generally share an affinity for 

relatively unstructured domains of the protein24. Some GALNTs transfer GalNAc to 

unmodified peptide sequences, while others require prior GalNAc glycosylation of the 

polypeptide region in order to transfer GalNAc33. This follow-up glycosylation produces 

the densely O-glycosylated regions typical of mucins.  

Four major core structures are defined for GalNAc-type O-glycans (Figure 1).  The 

most common types of O-GalNAc glycans, core 1 and 2, are found on glycoproteins 

produced in many cell types, whereas core 3 and 4 are generally only found in 

gastrointestinal and bronchial tissues32. Glycosyltransferases that are non-specific to the O-
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glycosylation pathway further expand the core by transferring Gal, GlcNAc, Fuc, and sialic 

acid (NeuAc or NeuGc), forming linear or branched structures34. 

The O-GlcNAc modification (O-GlcNAcylation) is found on thousands of 

cytosolic and nuclear proteins, acting as a modulator of protein activity, localization, and 

stability. O-GlcNAc also regulates many essential cellular processes such as transcription, 

translation, signaling, and metabolism35. O-GlcNAcylation involves the dynamic addition 

and removal of O-βGlcNAc on Ser/Thr residues in response to environmental and signaling 

inputs. The writer and eraser enzymes that catalyze O-GlcNAc cycling, O-GlcNAc 

transferase (OGT) and O-GlcNAcase (OGA), respectively, compete with phosphorylation 

enzymes to modify the same sites36. The crosstalk between O-GlcNAcylation and 

phosphorylation has been shown to impact the function and outcome of substrate proteins, 

as well as the activity of the enzymes themselves36. Unlike N-linked and O-GalNAc 

glycans, O-GlcNAc structures are generally not extended beyond the initiating GlcNAc 

monosaccharide (Figure 1).  

  

2.3 Biological Functions of Glycans 

Due to their abundance within all cellular compartments and exterior surfaces, 

glycans play a pivotal role in many biological processes, including cell-cell interactions, 

ligand binding, cellular adhesion, immune response, and host-pathogen interactions. While 

this is not an exhaustive list, the following sections highlight some of the most significant 

functions of glycans in normal physiological processes. 
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Protein Folding and Quality Control 

Glycosylation is a critical process that has a significant impact on the folding and 

fate of proteins synthesized by the secretory system. N-linked glycans directly affect 

protein folding by altering the properties of nascent polypeptides, guiding the folding 

machinery to specific amino acid sequences, and stabilizing the protein as it proceeds 

through the ER. Generally hydrophilic, glycans maintain the solubility of hydrophobic 

regions of newly synthesized proteins and prevent unintended disulfide bonding by 

recruiting the lectin chaperones calnexin and calreticulin25. Additionally, glycans play a 

key role in protein quality control. Specific N-linked glycan structures serve as signaling 

molecules, displaying the folding status of the protein and ensuring that only properly 

folded proteins continue to the Golgi for further processing and maturation29.  

 

Cell Communication 

Glycans decorate the exterior of all cell types with a dense layer of glycoconjugates 

known as the glycocalyx. Given their proximity to the extracellular space, cell surface 

glycans play numerous roles in mediating cell-cell and cell-matrix communication. 

Glycans transmit information between cells and extracellular molecules through 

interactions with glycan-binding proteins (GBPs), also known as lectins37. The branching 

patterns and capping motifs exhibited by glycan structures allow for a high degree of 

specificity in these glycan-binding interactions.  

Cell recognition and adhesion occur when lectins on the surface of a cell bind to 

glycans presented by another cell. Selectins are a family of GBPs expressed by leukocytes, 

platelets, and endothelial cells that are well known for their roles in immune responses and 
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cell adhesion38. Interactions between selectins and their glycan ligands are responsible for 

the initiation and mediation of leukocyte-endothelial cell adhesion and signaling during 

inflammation39. The selectins share an affinity for glycans with sialylated and fucosylated 

motifs, such as the sialyl-Lewis a (sLea) and sialyl-Lewis X (sLex) antigens, however 

binding for each selectin subtype is enhanced by different combinations of sulfation, N- or 

O-type attachment, and adjacent amino acid modifications40.  

In addition to serving as ligands, many glycans also influence the interactions of 

the proteins they modify26. Glycosylation can affect the formation of protein complexes, 

thereby modulating receptor activity and signaling efficacy. For instance, the Notch 

receptor requires specific glycosylation to effectively bind with its ligands and trigger 

activation, which in turn influences cell differentiation and development41.  

 

Immunity and Infection 

Glycans play essential roles in the immune system, modulating the activity of 

glycoprotein immune molecules and acting as antigens to induce or evade immune 

responses. Many immune receptors and antibodies are themselves glycosylated. For 

instance, the specific structures of complex N-linked glycans attached to the Fab and Fc 

regions of immunoglobulins are known to influence antibody stability, binding affinity, 

and effector functions42, ultimately regulating whether a pro-or anti-inflammatory response 

is elicited34. 

The specific carbohydrate structures presented on the surface of cells are integral 

to the immune system’s ability to discern self from non-self. This differentiation occurs 

through interactions between glycans and immune cell lectins, such as siglecs, galectins, 
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and selectins. The interactions between glycans and their binding partners enable the 

immune system to recognize and respond to pathogens and other foreign glycans. For 

example, recognition of non-self ABO(H) blood group antigens, determined by inheritance 

of the glycosyltransferase genes ABO, FUT1, and FUT2, can elicit an immune response. 

Glycan-binding proteins are also adept at recognizing glycan patterns exposed by 

pathogens. Consequently, many pathogens have evolved ways to mimic host glycan 

structures and evade immune detection43.  

Glycans can protect against infection and avoid binding with specific lectins by 

functioning as biological masks. Mucins form a protective layer of glycans on epithelial 

cell surfaces, shielding underlying tissues from microbial attachment and acting as 

adhesion decoys44. By trapping or diverting pathogens away from their intended targets, 

mucins help to prevent infection and maintain tissue integrity. Cell surface glycoconjugates 

can also mask the binding domains of receptors on the same cell. For instance, cis-

interacting sialylated glycans can prevent siglecs from binding to external ligands.45 

Siglecs, expressed on many immune cells, are immunoglobulin-like lectins that engage 

with sialylated glycan epitopes and perform functions such as immunomodulation and cell 

homing34.  
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Chapter 3: Glycosylation in Disease 
 
 

Glycosylation changes are associated with or directly contribute to pathogenesis in many 

diseases. The following sections discuss common glycan structures46 observed in T2D and 

ccRCC (Figure 2). 

3.1 Diabetes 

Several studies have demonstrated that individuals at increased risk for developing 

T2D, such as those experiencing acute inflammation and insulin resistance, exhibit 

elevated plasma protein levels of N-glycan sialylation and branching, in some cases as 

early as ten years before the onset of T2D15,16. Moreover, alterations in the N-glycome are 

associated with pro-inflammatory states and T2D risk factors, including smoking, BMI, 

and age47,48. Dysregulation of N-glycosylation has also been shown to induce T2D in mice 

by impairing insulin release49. Additionally, O-GlcNAc is directly involved in insulin 

signaling regulation, and aberrant O-GlcNAcylation has been linked to insulin resistance 

and T2D50. 

Branching of complex N-linked glycans involves the addition of up to five antennae 

to the core structure. Increased branching is closely tied to galactosylation, as antennae 

typically consist of repeating LacNAc moieties. Tri- and tetra-antennary glycans have been 

implicated in the pathogenesis of T2D. Ohtsubo et al. demonstrated that loss of the multi-

branched N-glycan on glucose transporter GLUT2 disrupts the formation of membrane 

glycan-galectin lattices51. This disruption inhibited GLUT2 transport activity, thereby 

contributing to pancreatic beta-cell failure in T2D. 

Sialylation involves the addition of sialic acid residues to the terminal ends of N- 

and O-glycans by sialyltransferases and plays crucial roles in innate immunity and plasma 
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glucose control14. Altered sialylation is common in metabolic conditions, including heart 

disease, hypertension, and T2D52. However, the mechanisms behind altered N-glycan 

sialylation in T2D remain inconclusive, with some studies reporting increased levels in 

total plasma proteins15,47, while others have reported decreased levels in plasma IgG 

compared to healthy controls53. Interestingly, Dotz et al. demonstrated that N-glycan 

sialylation patterns in T2D are linkage-specific and found that plasma protein α2,6-

sialylation was increased while α2,3-sialylation was decreased in patients with T2D47.  

  O-GlcNAcylation is a dynamic and nutrient-sensitive post-translational 

modification, making it particularly relevant in metabolic conditions like insulin resistance 

and T2D. O-GlcNAcylation modifies key signaling molecules in the insulin signaling 

pathway. Elevated levels of O-GlcNAc can interfere with normal phosphorylation, 

inhibiting downstream signaling pathways and resulting in insulin resistance54. High 

glucose levels lead to increased flux through the hexosamine biosynthetic pathway, which 

produces the substrate for O-GlcNAcylation. This leads to abnormally high O-

GlcNAcylation of nuclear and cytoplasmic proteins and creates a feedback loop where 

insulin resistance increases blood glucose levels, which in turn increases O-

GlcNAcylation, perpetuating the cycle55. 

 

3.2 Clear Cell Renal Cell Carcinoma 

 Common glycan changes associated with malignant transformation and tumor 

progression in many cancer types include truncation of mucin-type O-glycans, increased 

expression of sialyl-Lewis structures, and increased branching of N-linked glycans56. 

These altered glycan structures likely confer a selective advantage to cancer cells, enabling 
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tumors to bypass cellular division checkpoints, evade immune surveillance, and migrate to 

metastatic sites34,56. As clonal selection continues throughout tumor development, 

glycosylation patterns can change in parallel with increasing growth and malignancy34. 

Although the exact mechanisms underlying altered glycosylation in cancer are not fully 

understood, potential contributing factors include epigenetic changes, genetic mutations, 

and aberrant expression and mislocalization of glycosyltransferases12.  

Sialylated glycans play an important role in signal transduction, cell-cell adhesion, 

and antigen recognition. Increased sialylation, resulting from altered sialyltransferase 

expression, is linked to poor prognosis and malignancy in various cancers12. High 

ST3GAL-1 expression is associated with reduced overall survival and disease-free survival 

in ccRCC patients and was identified as an independent prognostic factor for recurrence 

and patient survival57. A study by Borzym-Kluczyk et al. found that increased sialylation 

coincided with decreased expression of E-cadherin, which together are thought to facilitate 

decompaction and migration of renal cells58.  

The Lewis X (Lex) and Lewis a (Lea) epitopes are characterized by a LacNAc 

epitope with α1-3/α1-4 terminal fucosylation. Their sialylated glycoforms, SLex and SLea, 

are the primary ligands of the selectins and are frequently observed in many cancers, 

particularly in advanced stages59. Hypoxic conditions found in later stages of cancer 

enhance the expression of transcription factors and glycosyltransferases responsible for the 

synthesis of these Lewis structures, producing highly malignant and hypoxia-resistant 

cancer cells60. Previous studies have indicated that SLex and SLea antigens may be involved 

in ccRCC tumor development and could serve as a useful marker for renal cancer detection 

or therapeutic prediction61.  
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Aberrant core fucosylation, driven by the dysregulated expression of FUT8, is 

linked to tumor progression and metastasis in numerous cancers, including breast, liver, 

lung, prostate, and ovarian62. Core fucosylation involves the transfer of a fucose residue to 

the innermost GlcNAc of N-glycans and is known to aid in immune evasion, antibody-

dependent cellular cytotoxicity, and cell signaling63. Gbormittah et al. observed altered 

expression of core fucosylated glycoforms of clusterin in patient plasma before and after 

surgical resection for localized ccRCC64. This finding suggests that specific plasma 

glycoforms may offer a more sensitive biomarker or therapeutic target for ccRCC. 

Increased expression of N-glycan β1-6 branching, catalyzed by the enzyme 

MGAT5, is frequently observed in malignant tumors65. MGAT5 is responsible for the 

synthesis of tri- and tetraantennary N-glycans. The expression of these structures is also 

influenced by MGAT3, which catalyzes the addition of a bisecting β1-4-linked GlcNAc to 

the N-glycan core. This action competes with MGAT5 and inhibits the pro-tumor effects 

of β1-6 branching66. Liu et al. found that overexpression of MGAT5 in ccRCC tumor 

specimens was positively correlated with metastasis and poor survival outcomes and 

identified MGAT5 as a potential prognostic biomarker for recurrence and survival post-

surgical resection67. A previous study reported that significantly decreased MGAT3 

activity, with unchanged mean MGAT5 activity, resulted in reduced bisecting GlcNAc in 

RCC samples68.  

Virtually all cancer cells exhibit the incomplete synthesis of mucin-type O-glycans, 

resulting in truncated glycosylation that produces the Tn and T antigens and their sialylated 

forms, sTn and sT69. The expression of these epitopes is thought to be a consequence of 

several mechanisms, including mutations or epigenetic silencing of the molecular chaperon 
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protein Cosmc, altered glycosyltransferase activity, and overexpression of nucleotide sugar 

transporters70. Truncated O-glycans are associated with malignancy, poor prognosis, and 

immune evasion and are infrequently expressed in healthy cells, making them particularly 

useful as biomarkers and therapeutic targets71. NguyenHoang et al. demonstrated that Tn, 

sTn, and sT antigens are independent prognosticators of poor prognosis in patients with 

localized ccRCC following surgery and proposed a truncated-O-glycan score as a 

prognostic biomarker72. 

 

3.3 Analytical Methods 

Analytical approaches for interrogating protein glycosylation are divided into two 

fields: glycomics and glycoproteomics. These fields typically utilize a variety of 

methodologies, often in combination, including mass spectrometry, liquid 

chromatography, capillary electrophoresis, nuclear magnetic resonance, and lectin 

microarrays73.  

Glycomics is focused on the structural characterization of glycans that have been 

released from their protein conjugates. This approach is particularly well suited for 

determining the specific linkage isomer and anomeric configuration of structures in 

complex biological samples74. By enabling global comparison of the glycome under 

different health conditions, glycomics can provide valuable insights into disease 

mechanisms and potential biomarkers75. Numerous studies have identified glycomic 

signatures that differentiate T2D patients from healthy controls14,47,76. Glycomic signatures 

also serve as potential predictive biomarkers, capable of identifying at-risk patients earlier 

than traditional anthropometric markers15,16. Additionally, combining glycomic analysis 
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with measurements of glycoprotein serum concentrations has been shown to improve 

cancer detection and monitoring, providing a more nuanced measure of disease 

progression77. 

Glycoproteomics involves the site-specific analysis of intact glycopeptides in a 

system-wide context. Profiling of intact glycopeptides can provide multiple layers of 

structural information, including protein identity, glycosylation site location, site 

occupancy, and glycan composition. However, this added complexity makes it more 

difficult to unambiguously characterize the macro- and microheterogeneity of the 

glycoprotein than for unmodified proteins or released glycans78. Despite these challenges, 

glycoproteomic signatures have emerged as promising diagnostic, predictive, and 

prognostic biomarkers, particularly in cancer79. Large pan-cancer studies have begun 

integrating glycoproteomics with other -omics analyses, such as proteomic, genomic, 

transcriptomic, and phosphoproteomic20. Given recent advances in high-throughput 

quantitative glycoproteomic79 and glycomic74 methods, multi-omics and machine learning 

approaches hold the potential to advance the fields of glycobiology and precision medicine 

in cancer treatment80. 
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Chapter 4: Methods 
 
 

Computational analysis and predictive modeling were carried out on two 

independent datasets containing T2D glycomic data (Figure 3) and ccRCC glycoproteomic 

data (Figure 4). All analyses were performed using Python 3.11. 

 

4.1 Description of Datasets 

Diabetes Glycomic Dataset 

A published plasma N-glycomic dataset was used to construct and evaluate a 

classifier for predicting the risk of incident T2D in healthy individuals15. The dataset 

contained total area normalized, and batch-corrected abundances of 46 plasma protein N-

glycan peaks (GP 1-46) by high-throughput ultra-performance liquid chromatography 

(UPLC) from 74 individuals. All individuals were participants in the FinRisk study, a large 

Finnish population survey designed to investigate risk factors for chronic, 

noncommunicable diseases. The dataset included 37 individuals who developed T2D 

within ten years of sampling and 37 who remained normoglycemic. 

 

ccRCC Glycoproteomic Dataset 

Intact glycopeptide abundance, biospecimen, and clinical data from ccRCC patients 

participating in the Clinical Proteomic Tumor Analysis Consortium (CPTAC) ccRCC 

Discovery Study (https://proteomic.datacommons.cancer.gov/pdc/study/PDC000471)81 

were downloaded from the Proteomic Data Commons (PDC) to construct and evaluate a 

classifier for predicting risk of progressive disease in ccRCC patients within five years of 

surgical resection. The U.S. National Cancer Institute’s CPTAC is a coordinated national 

https://proteomic.datacommons.cancer.gov/pdc/study/PDC000471
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effort to improve the understanding of the molecular mechanisms of cancer through large-

scale genomic and proteomic analysis of prevalent types of cancer. Mass spectrometry-

based proteomics data generated by CPTAC, including subtypes focused on post-

translational modifications, are freely available on the PDC portal 

(https://pdc.cancer.gov/).  

The processed glycoproteomic dataset contained abundances of 10,815 unique N-

glycopeptides derived from 103 treatment-naïve primary tumor samples, quantified using 

TMT-10plex reporter ions81. Only glycopeptides quantified in >50% of samples were 

included in the dataset, and missing values were imputed using DreamAI 

(https://github.com/WangLab-MSSM/DreamAI). The biospecimen and clinical datasets 

included anonymized sample and patient identifiers, analytical information (e.g., sample 

description and handling), demographic information about individuals (e.g., gender, age), 

disease status and outcome (e.g., vital status, progressions or recurrence) and exposure 

information (e.g., alcohol history, smoking history).  

 

4.2 Data Preprocessing and Dimensionality Reduction 

To prepare the data for predictive modeling, preprocessing steps were carried out 

using the pandas package. Statistical testing was performed using the scipy and numpy 

packages.  

 

Diabetes Glycomic Dataset 

Glycan structures representing each glycan peak (GP) were mapped to GlyTouCan 

(https://glytoucan.org)82 accessions and are presented with their corresponding Symbol 

https://pdc.cancer.gov/
https://github.com/WangLab-MSSM/DreamAI
https://glytoucan.org/
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Nomenclature for Glycans (SNFG)83 images in Table 1. The Shapiro-Wilk test was 

conducted to assess the normality of GP distributions. Twenty-two GPs were statistically 

significant at a 95% confidence level, indicating that these features are not normally 

distributed. Pearson correlation coefficients were calculated to measure the collinearity of 

features. The analysis revealed two GPs with very high correlation (correlation coefficient 

magnitudes > ±0.9) and 26 peaks with high correlation (correlation coefficient magnitudes 

±0.7-0.9). To mitigate the collinearity between independent variables, GPs with identical 

structures were combined. This process reduced the number of GP predictors to 42, 

resolving the very high correlations and reducing the number of highly correlated peaks to 

13. 

 Previous studies have demonstrated that altered branching and sialylation of N-

glycans is associated with the incidence of T2D and the development of 

complications15,47,53. Based on these glycosylation traits, features were engineered by 

summing the abundances of GPs according to their branching (low: 2 or fewer antenna, 

high: 3 or more antenna) and number of sialic acids (0-4). This resulted in two sets of 

features, one consisting of 42 GPs, hereafter referred to as T2D-ALL and another with 7 

glycan types termed T2D-GLYCOTYPE. Independent machine learning pipelines were 

trained using the two feature sets, T2D-ALL and T2D-GLYCOTYPE, to evaluate their 

predictive aptitude and gain insights into the glycosylation patterns associated with 

diabetes. 
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ccRCC Glycoproteomic Dataset 

Clinical data associated with each patient was used to assign target labels. Inclusion and 

exclusion criteria were applied to ensure the adequacy and quality of the clinical data. The 

inclusion criteria were:  

a) Death or progressive disease within five years,  

b) Complete disease response and tumor-free within five years, or  

c) Survival beyond five years.  

The exclusion criteria were:  

a) Less than five years of clinical data, and  

b) Unknown or inconsistent disease status. 

Approximately 30% of ccRCC patients develop progressive disease (local recurrence or 

distant metastasis) within five years after surgical resection84. Therefore, progression-free 

survival is a critical metric for evaluating clinical outcomes in renal cancer85. In this study, 

patients were classified as low-risk or high-risk for progressive disease based on their 

response and survival outcomes. Those who achieved complete response and/or 

progression-free survival after five years were labeled low-risk, while patients who 

experienced progressive disease or death within five years were labeled high-risk. 

Out of the total 10,815 glycopeptides, the Shapiro-Wilk test identified 7,270 as 

statistically significant (not normally distributed). Pearson correlation coefficients were 

then calculated, revealing 526 glycopeptides with very high correlation (correlation 

coefficient magnitudes > ±0.9) and 6,006 glycopeptides with high correlation (correlation 

coefficient magnitudes > ±0.7-0.9). The initial dataset contained many features with 

identical glycosylation sites and glycan structures, differing only by the peptide sequence. 
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These features were combined to create a feature set termed ccRCC-GLYCOFORM, 

containing 10,343 glycopeptides. Despite this reduction, 509 glycopeptides remained very 

highly correlated, and 5,713 remained highly correlated.  

 To further reduce dimensionality and collinearity and assess the predictive value of 

N-glycan traits and glycosylation sites, two additional feature spaces were engineered. The 

ccRCC-GLYCOTYPE feature set combined glycopeptides with the same glycosylation 

site and glycan type, resulting in 3,158 predictors. Glycopeptides were categorized into 

five N-glycan types: fucosylated, sialylated, fucosylated and sialylated, complex (not 

sialylated or fucosylated), and high mannose. The ccRCC-GLYCOSITE feature set 

combined glycopeptides based on the same glycosylation site, regardless of glycan 

composition, and contained 1,588 predictors. Independent machine learning pipelines were 

trained using each of the three feature sets (ccRCC-GLYCOFORM, ccRCC-

GLYCOTYPE, and ccRCC-GLYCOSITE).  

 

4.3 Algorithm Selection 

  Six machine learning algorithms were used to construct the classification models: 

logistic regression, support vector machines, k-nearest neighbors, multilayer perceptron, 

random forest, and extreme gradient boosting.  

Logistic regression (LR) is commonly used for binary classification tasks. It models 

a sigmoidal relationship between the independent variable and the probability that an 

observation belongs to the positive class, with outputs constrained between 0 and 186. A 

probability greater than 50% results in a prediction of 1 (positive class); otherwise, the 

prediction is 0 (negative class). 
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Support vector machines (SVMs) are highly versatile for classification tasks, as 

they are capable of detecting subtle patterns in both linear and nonlinear data87. SVMs 

utilize a decision boundary to separate classes, maximizing the distance from the nearest 

points of each class, known as support vectors. Nonlinear SVMs take advantage of a 

technique known as the kernel trick, a mathematical technique that transforms the data into 

a higher-dimensional feature space, enabling the separation of complex data patterns. 

K-nearest neighbors (KNN) is a distance-based algorithm that considers the values 

of nearby instances to make predictions88. In classification tasks, the KNN algorithm 

groups the dataset into classes. New observations are compared to the nearest ‘k’ training 

points and the class is predicted based on the majority classification of those neighbors. 

The multilayer perceptron (MLP) is an artificial neural network that consists of a 

series of fully connected feed-forward neurons and includes at least one hidden layer89. 

MLPs are capable of solving complex, non-linearly separable problems. For binary 

classification problems, MLPs typically use a logistic activation function, which outputs a 

probability between 0 and 1. 

The random forest (RF) algorithm utilizes the bagging method to construct an 

ensemble of decision trees by repeatedly sampling training data across multiple 

predictors90. When splitting a node, it selects the best feature from a random subset of 

features, resulting in greater tree diversity. RFs are effective at handling datasets with a 

large number of features and mitigating overfitting. 

Extreme Gradient Boosting (XGBoost) is a tree-based gradient boosting algorithm 

that has gained popularity for its speed, scalability, and portability91. By leveraging the 

principle of gradient boosting, XGBoost creates an ensemble of decision trees that 
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iteratively reduces the error of previous trees, resulting in improved performance and 

robustness to overfitting. 

 

4.4 Pipeline Construction 

 Machine learning pipelines for classifying T2D risk and ccRCC prognosis were 

constructed and optimized using the scikit-learn package. The pipeline tool within scikit-

learn is an effective technique for combining sequential steps in an ML workflow, thereby 

enhancing reproducibility, enabling optimization of multiple steps, and preventing data 

leakage by ensuring that the appropriate transformation is performed on each data subset. 

The following steps were included in the pipelines: data scaling, feature selection, and 

classification.  

 Data scaling is necessary for many ML algorithms, as outliers or different scales 

can impede model convergence and artificially inflate the importance of features with a 

higher mean or variance. Because typical standardization and scaling methods are sensitive 

to outliers, the StandardScaler and PowerTransformer techniques were considered. 

StandardScaler is a commonly used standardization approach for removing the mean and 

scaling to unit variance. PowerTransformer is a non-linear transformation that stabilizes 

variance and minimizes skewness by mapping the data to a Gaussian distribution.  

Feature selection can improve model performance and enhance interpretability. 

Each pipeline compared model performance utilizing all dataset predictors and a subset, 

chosen by either sequential feature selection (SFS) or the Least Absolute Shrinkage and 

Selection Operator (LASSO). SFS with backward selection was employed on the T2D 

dataset to determine the most useful set of features for each classifier. During backward 
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selection, SFS begins with the complete feature set and iteratively removes features based 

on the model’s cross-validation scoring metric. The benefits of the SFS technique are that 

it can be applied to any classifier, as selection is based on the cross-validation metric rather 

than coefficient or feature importance, and early stopping can be avoided by tolerating a 

slight decrease in score as features are removed.  

Due to the high dimensionality of the ccRCC data, LASSO was chosen for its 

effectiveness in reducing the number of features. LASSO is particularly useful for this task 

because it utilizes L1 regularization, which adds a penalty to the coefficient of irrelevant 

or redundant features, shrinking some to zero and excluding them from the model. 

Additionally, LASSO is well suited for handling high correlations among predictors. Given 

several correlated features, it will select only one, thereby reducing redundancy and 

improving model stability.  

The classification step considered each of the algorithms proposed in section 5.3. 

Because the ccRCC dataset contained more low-risk than high-risk patients, the classifier 

parameters “class_weight” or “scale_pos_weight” were adjusted, when available, to 

mitigate the effects of imbalanced data on model performance. 

 

4.5 Model Optimization and Evaluation 

All steps in section 5.4 were applied to the diabetes feature sets, T2D-ALL and 

T2D-GLYCOTYPE, and the ccRCC feature sets, ccRCC-GLYCOFORM, ccRCC-

GLYCOTYPE, and ccRCC-GLYCOSITE. Each dataset was randomly split into training 

(80%) and test (20%) sets. Pipelines were optimized and fit on the training set, and 

hyperparameters for each component of the pipeline were optimized by a stratified 5-fold 
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cross-validated grid-search over a parameter grid. The performance of the cross-validated 

pipeline was evaluated by the Area Under the Receiver Operating Characteristic Curve 

(ROC-AUC) score. ROC-AUC is widely used in biomarker studies and diagnostics, as it 

represents the model’s ability to distinguish between classes and is robust to class 

imbalance92. The best model, defined herein as the classifier and parameters that achieved 

the highest score, was then refit on the entire training set. 

The best model from each pipeline was evaluated on the corresponding test set. 

AUC, accuracy, sensitivity, and specificity metrics were calculated to measure model 

performance. A confusion matrix and ROC curve were generated to visualize the prediction 

results and trade-off between sensitivity (true positive rate) and specificity (false positive 

rate). 

Understanding which features contributed most to the model predictions can 

provide insights into the underlying biological implications. SHapley Additive 

exPlanations (SHAP)93 is a model-agnostic approach based on Shapley values from game 

theory, which explains the predictions of any ML model. SHAP was applied to the T2D 

and ccRCC models with the highest AUC on the test set and used to rank features in order 

of importance. To determine statistically significant expression changes, p-values were 

computed for each selected feature using the two-sided Mann-Whitney-Wilcoxon rank sum 

test and adjusted (false discovery rate, FDR<0.05) using the Benjamini-Hochberg method. 

 

4.6 Integration with GlyGen and PredictMod 

 The overall best T2D and ccRCC models were added to PredictMod 

(https://hivelab.biochemistry.gwu.edu/predictmod/), a platform that leverages machine 

learning techniques to enhance clinical understanding of patient data from various sources, 

https://hivelab.biochemistry.gwu.edu/predictmod/
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including electronic health records, gut microbiome and -omics data. The entire pipeline is 

captured in a classifier script that preprocesses the input file, splits the training and test 

sets, and then runs the pipeline to train the model. The trained classifier is then stored as a 

pickle file for later use.  A predictor script accepts a single patient input file, loads the 

model from the pickle file, and outputs the prediction result.  

Additionally, the T2D glycomic and ccRCC glycoproteomic datasets were 

integrated with GlyGen (https://glygen.org/), an international project to facilitate 

glycoscience research through the compilation and harmonization of diverse types of 

information related to glycoscience. The datasets were formatted and processed according 

to the GlyGen data model and processing workflow94. Proteins and glycan identifiers were 

mapped to canonical UniProtKB and GlyTouCan accessions, and the data were passed 

through quality control and filtering steps to create processed proteoform datasets. 

Abundances, site information, and species annotations were added to the corresponding 

protein, glycan, and publication-centric JSON objects, which are used to populate the 

GlyGen frontend and APIs. Proteoform datasets and ML-ready datasets95, containing the 

preprocessed data prior to feature engineering, were added to the GlyGen data portal 

(https://data.glygen.org/). 

BioCompute Objects (BCOs)96 (https://biocomputeobject.org/) were created for 

each model and dataset incorporated into PredictMod and GlyGen. Each BCO card 

contains detailed documentation, including descriptions of the data and models, 

information on their usability, provenance, and the specific processing steps employed. 

This standardized format facilitates integration with other bioinformatic workflows, 

https://glygen.org/
https://data.glygen.org/
https://biocomputeobject.org/
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enhances transparency, and enables members of the community can easily reproduce the 

results. 
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Chapter 5: Results 
 
 

5.1 T2D Risk Prediction with Plasma Protein N-Glycome 

 Due to multicollinearity among independent variables in the T2D glycomic dataset, 

GPs with identical structures were combined to create the T2D-ALL feature set. The 

pipeline components that produced the highest cross-validation score consisted of 

PowerTransformer for data scaling, SFS, and XGBoost classifier (Table 2). The model 

achieved an AUC score of 0.812 on the test set (Figure 5a). The accuracy, sensitivity, and 

specificity values of the model were 0.800, 0.857, and 0.750, respectively (Table 4a).  

The second approach involved combining GPs with similar branching and 

sialylation patterns to assess if the abundance of glycan traits contained predictive 

information. The optimized T2D-GLYCOTYPE pipeline consisted of PowerTransformer, 

no feature selection step, and an SVM classifier (Table 2). The model achieved an AUC 

score of 0.571 on the test set (Figure 5b). The accuracy, sensitivity, and specificity values 

were 0.467, 0.286, and 0.625, respectively (Table 4a). Overall, the T2D pipeline that 

produced the highest performance metrics on the test set was the T2D-ALL model. 

Confusion matrices for both models are presented in Figure 6.  

 To better understand the effect of individual GPs on predictions for T2D risk, 

SHAP values were calculated from the T2D-ALL model for each sample in the dataset. 

Out of 42 GPs, only five had non-zero SHAP values: GP37, GP27, GP2, GP1 and GP36. 

A summary plot with the average SHAP value magnitudes across the dataset is presented 

in Figure 7. 
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5.2 ccRCC Risk Prediction with Tumor Glycopeptides 

 The ccRCC dataset contained tumor samples from 103 patients collected during the 

CPTAC ccRCC Discovery Study. Data from 58 patients was utilized to construct a binary 

classifier to predict the risk of ccRCC progression, while 45 patients were excluded due to 

incomplete or inconsistent data (Figure 8). Patients were labeled as low-risk or high-risk 

based on the occurrence of progressive disease or death within five years of tumor 

resection. Specifically, 34 patients were assigned to the low-risk class, and 24 were 

assigned to the high-risk class.  

 To reduce dimensionality and mitigate multicollinearity within the dataset, three 

approaches were carried out to create separate feature sets based on the specific 

glycoforms, glycan types, and glycosylation sites. The ccRCC-GLYCOFORM feature set 

combined glycopeptides with the same glycosylation site and glycan composition but 

different peptide sequences. The pipeline components with the highest cross-validation 

score consisted of StandardScaler for data standardization, LASSO feature selection, and 

an MLP classifier (Table 3). This model achieved an AUC score of 0.943 on the test set 

(Figure 9a). The accuracy, sensitivity, and specificity values of the model were 0.917, 1.00, 

and 0.800, respectively (Table 4b).  

 The ccRCC-GLYCOTYPE feature set combined glycopeptides with the same 

glycosylation site and glycan type, based on five N-glycan categories. The pipeline 

components with the highest cross-validation score consisted of StandardScaler, LASSO, 

and an LR classifier (Table 3). The model achieved an AUC score of 0.886 on the test set 

(Figure 9b). The accuracy, sensitivity, and specificity values of the model were 0.750, 

0.857, and 0.600, respectively (Table 4b). 
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The ccRCC-GLYCOSITE feature set combined glycopeptides with the same 

glycosylation site, regardless of glycan composition or type. The pipeline components with 

the highest cross-validation score consisted of StandardScaler, LASSO, and an LR 

classifier (Table 3). The model achieved an AUC score of 0.914 on the test set (Figure 9c). 

The accuracy, sensitivity, and specificity values of the model were 0.833, 1.00, and 0.600, 

respectively (Table 4b). The ccRCC pipeline that produced the highest performance 

metrics on the test set was the ccRCC-GLYCOFORM model. Confusion matrices for all 

three models are presented in Figure 10. 

 The ccRCC-GLYCOFORM pipeline included a LASSO feature selection step, 

which identified 53 glycopeptides with non-zero coefficients to train the classifier. To 

understand the impact of these glycan structures and glycosylation sites on predictions 

from the model, SHAP values were calculated for each sample in the dataset. The upper 

quartile of SHAP values included 14 features. Of these 14 glycopeptides, three different 

glycosylation sites for the gene CUBN (N3457, N2085, N3125) were present, each with 

complex N-glycans containing one or fewer fucose residues and no sialic acids. The 

glycosylation site ORM1 N72 appeared twice with high branching, sialylated, and 

fucosylated glycans attached. The remaining glycopeptides contained complex glycans 

with varying degrees of sialylation and fucosylation, with the exception of P4HA1 N113, 

which carried a high mannose glycan. A summary plot with the average SHAP value 

magnitudes across the dataset is presented in Figure 11. 
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5.3 Dataset and Model Integration 

 PredictMod is a machine learning-based application that generates patient outcome 

predictions by querying models trained on electronic health records or -omics data. The 

platform originated as a tool to inform clinical decision-making regarding interventions for 

prediabetes and has grown to include additional conditions and data types. To expand the 

range of models related to diabetes, the T2D-ALL model (Figure 12a) was added to the 

PredictMod interface (https://hivelab.biochemistry.gwu.edu/predictmod/models/Diabetes-

Glycomic). An example data file is available for download, which allows users to perform 

an example analysis and view the prediction result. The model is the first on PredictMod 

to utilize glycomic data for any condition. The ccRCC-GLYCOFORM model (Figure 12b), 

example data, and example analysis were also made available on PredictMod 

(https://hivelab.biochemistry.gwu.edu/predictmod/models/ccRCC-Glycoproteomic). As 

the first cancer-related or glycoproteomic-based model on the platform, the ccRCC model 

represents an important step toward the platform’s goal of including additional conditions 

and data types. BCOs for the T2D and ccRCC models can be accessed at 

https://biocomputeobject.org/viewer?https://biocomputeobject.org/BCO_000500/1.1 and 

https://biocomputeobject.org/viewer?https://biocomputeobject.org/BCO_000501/1.1, 

respectively. 

  GlyGen provides access to integrated data related to protein glycosylation through 

multiple interfaces, including a web portal, data module, APIs, and SPARQL endpoint. 

The ccRCC and T2D datasets were converted into GlyGen proteoform and ML-ready 

datasets. The proteoform files for T2D (https://data.glygen.org/GLY_000960) and ccRCC 

(https://data.glygen.org/GLY_000961) are freely available on the GlyGen data portal and 

https://hivelab.biochemistry.gwu.edu/predictmod/models/Diabetes-Glycomic
https://hivelab.biochemistry.gwu.edu/predictmod/models/Diabetes-Glycomic
https://hivelab.biochemistry.gwu.edu/predictmod/models/ccRCC-Glycoproteomic
https://biocomputeobject.org/viewer?https://biocomputeobject.org/BCO_000500/1.1
https://biocomputeobject.org/viewer?https://biocomputeobject.org/BCO_000501/1.1
https://data.glygen.org/GLY_000960
https://data.glygen.org/GLY_000961
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were used to populate new species, tissue expression, and glycosylation annotations on 

applicable protein and glycan details pages (Figure 13). Publication specific pages for the 

T2D study (https://glygen.org/publication/PubMed/28905229) and ccRCC study 

(https://glygen.org/publication/PubMed/37074911) display abundances and all associated 

glycans and proteins. Additionally, ML-ready datasets for T2D 

(https://data.glygen.org/GLY_001045) and ccRCC (https://data.glygen.org/GLY_001046) 

were added to the data module. The datasets contain cleaned and formatted data, which 

includes all available features, allowing users to utilize the data for other prediction tasks 

or perform alternative analyses. BioCompute Objects can be found on the BCO JSON tab 

of the dataset URL (Figure 14). 

 

  

https://glygen.org/publication/PubMed/28905229
https://glygen.org/publication/PubMed/37074911
https://data.glygen.org/GLY_001045
https://data.glygen.org/GLY_001046
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Chapter 6: Discussion 
 
 

In this study, plasma protein N-glycomic and N-linked glycoproteomic datasets 

were evaluated to determine their predictive potential for T2D and ccRCC risk, 

respectively. A computational methodology utilizing ML pipelines was employed to 

optimize dimensionality reduction, data scaling, feature selection, and classifier selection. 

The results demonstrated the discriminatory ability of glycomic and glycoproteomic data 

in binary risk prediction tasks and highlighted the utility of ML pipelines. These models 

are the first glycosylation-related models developed for the PredictMod platform, 

underscoring the potential of glycosylation data and machine learning in clinical 

applications. Furthermore, integration of the first ML-ready datasets into the GlyGen 

knowledgebase is a promising step toward advancing AI in glycoscience and improving 

accessibility to members of the broader machine learning community. 

 

6.1 T2D Risk Prediction with Plasma Protein N-Glycome 

This study builds on previous research demonstrating that plasma protein and IgG 

N-glycans can distinguish between T2D individuals and healthy controls using logistic 

regression-based classifiers15,16,53,76. Here, an XGBoost model successfully separated 

individuals with incident T2D from normal controls up to 10 years prior to diagnosis with 

an AUC of 0.812 (T2D-ALL). Wittenbecher et al. applied a random survival forest feature 

selection technique on a similar dataset and trained a Cox proportional hazards model97. 

Their model was externally validated on the same FinRisk dataset used in this study and 

achieved a C-index of 0.76. The promising results from the aforementioned tree-based 
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approaches suggest that ML algorithms capable of detecting non-linear patterns may be 

useful for this type of classification problem. 

Conversely, combining peak abundances based on branching and sialylation did 

not improve model performance. The T2D-GLYCOTYPE model AUC of 0.571 was only 

marginally predictive, and low sensitivity indicates that the model particularly struggled to 

identify incident cases of T2D. A previous study, which aimed to differentiate incident 

T2D within three years of baseline from healthy controls, achieved a similar AUC of 0.591 

by calculating percentages of 54 IgG glycan traits76. These results suggest that derived 

traits may not sufficiently capture the relationships between GPs when predicting long-

term outcomes for patients at risk for T2D.  

Five glycan peaks were identified as the most informative features in the T2D-ALL 

model (GP1, GP2, GP27, GP36, GP37). Among these, all but GP1 were significantly 

altered in patients who developed diabetes, with GP37 exhibiting the most pronounced 

change (Figure 15). The mean abundances of GP37 (arm fucosylated trigalacto- trisialo- 

triantennary N-glycan), GP36 (core fucosylated trigalacto- trisialo- triantennary N-glycan) 

and GP27 (core fucosylated bigalacto- bisialo- biantennary N-glycan) were elevated in 

patients who later developed T2D, whereas GP1 (agalacto-, asialo-, monoantennary N-

glycan) and GP2 (mixture of Man4 and core fucosylated agalacto-, asialo-, monoantennary 

N-glycan) were reduced. 

Identifying influential glycan structures in the N-glycome of individuals before the 

onset of diabetes can provide valuable insights into the biological processes underlying 

T2D progression and facilitate the discovery of susceptibility/risk biomarkers. The 

association between elevated sialic acid levels in inflammation and subsequent T2D 
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diagnosis suggests that chronic inflammation may underlie the progression of diabetes98. 

The antennary fucose and α-2,3-sialylation of GP37 form the sLex motif, an antigen 

recognized by specific selectins that plays a crucial role in immunomodulation and 

inflammation. Overexpression of sLex is known to be triggered by pro-inflammatory 

cytokines99 and the increase in GP37 may be linked to the chronic inflammation commonly 

associated with T2D.  

An increase in high branching structures, such as GP36 and GP37, and a decrease 

in low branching structures, such as GP1, GP2, and GP27, have been attributed to the 

availability of substrates for N-linked glycosylation due to elevated glucose levels utilized 

by the hexosamine pathway100. Consistent with the findings of this study, a glycan structure 

identical to GP36 was identified as one of the most significantly overexpressed structures 

in individuals diagnosed with insulin resistance and T2D16. In contrast, biantennary GP27 

was increased with a higher risk of T2D in the present study. Interestingly, although 

sialylated and fucosylated biantennary N-linked glycans are typically decreased in T2D, 

the increase in GP27 may be explained by elevated IgM levels, which carry this structure 

and are known to increase in inflammation101,102. 

 

6.2 ccRCC Risk Prediction with Tumor Glycopeptides 

 Advances in glycoproteomic technologies have facilitated the characterization of 

glycosylation patterns in ccRCC for novel diagnostic, prognostic, or monitoring biomarker 

discovery64,81,103-105. Here, an ML pipeline was used to identify 53 glycopeptide markers 

through LASSO regression to generate a prognostic model for ccRCC. The most effective 

model, a multilayer perceptron, exhibited excellent separation of low- and high-risk ccRCC 
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groups, achieving an AUC of 0.943 (ccRCC-GLYCOFORM). While the ccRCC-

GLYCOTYPE and ccRCC-GLYCOSITE feature sets also produced promising results, 

they were ultimately outperformed by the glycoform model.  

This study appears to be the first to utilize glycopeptides from resected tumor tissue 

to predict survival outcomes in ccRCC patients. The utility of biofluid glycoproteome 

profiling for predictive modeling has been demonstrated in ccRCC106 and other cancers, 

including metastatic melanoma107, prostate cancer108, colorectal cancer109, and ovarian 

cancer110. A ccRCC study performed on serum glycosylated proteins developed a 

predictive model for progression-free survival based on the relative abundances of three 

glycopeptides, yielding a hazard ratio of 11.96106. A comparable study identified two 

biomarker sets in the blood glycoproteome of melanoma patients, containing 14 

glycopeptides and 11 fucosylated glycopeptides107. These biomarkers were used to develop 

LASSO-regularized Cox models, effectively stratifying patients based on their likelihood 

of immunotherapy benefit. The models demonstrated the predictive power of both 

glycoform and constructed glycotype features, yielding hazard ratios of 5.6 and 3.5, 

respectively. Similar to the present work, the glycoform model outperformed the glycotype 

model, corroborating the findings obtained herein. 

Several studies have utilized machine learning classifiers to evaluate the 

discriminatory potential of glycopeptide biomarker panels. For instance, Gabriele et al. 

assessed five ML algorithms using formerly N-glycosylated peptides from the serum of 

individuals with prostate cancer and benign prostatic hyperplasia, achieving an AUC of 

0.62 with a random forest classifier108. Another study by Desai et al. employed a targeted 

LC-MS-based workflow to quantify glycopeptides and nonglycosylated peptides from 75 
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high-abundance serum glycoproteins in colorectal cancer (CRC), advanced adenoma (AA), 

and healthy control samples109. Their LASSO-regularized logistic regression model 

differentiated CRC/AA from controls, yielding an AUC of 0.96 from a panel of six 

glycopeptide biomarkers. A similar study in ovarian cancer (OC) used differentially 

expressed glycopeptides and nonglycosylated to predict OC with an AUC of 0.894110. 

These performance metrics, except for the prostate cancer proteomic model, were 

comparable to the results of this study. The prostate cancer proteomic model, like the 

ccRCC-GLYCOSITE model, lacked glycan structure information, which likely impacted 

the performance of both models.  

The ccRCC-GLYCOFORM pipeline identified a set of 53 tumor tissue 

glycopeptides to predict progressive disease or death in ccRCC patients. Many of the 

proteins and their altered glycosylation patterns have already been observed in ccRCC or 

other cancer types. For example, the glycosylation site N69 of folate receptor α (FOLR1) 

carrying a fucosylated complex N-glycan (N5H5F1S0G0) was identified as the most 

important feature, and abundance was significantly increased in the high-risk group (Figure 

16). Elevated expression of FOLR1 has been observed in several cancer types, including 

ovarian, breast, and lung cancer111-113. In hepatocellular carcinoma (HCC), increased core 

fucosylation at all N-glycosylation sites was shown to increase folate uptake and, therefore, 

promote epithelial-mesenchymal transition114.  FOLR1 has been proposed as a potential 

clinical biomarker for ovarian cancer, and several FOLR1 therapeutics are already in pre-

clinical and clinical development, including a vaccine for metastatic renal cell 

carcinoma115,116. The ccRCC-GLYCOFORM model retained two α-1-acid glycoprotein 1 

(ORM1) glycosylation sites with fucosylated high branching glycans, N72 (N6H7F4S1G0, 
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N7H8F3S2G0) and N93 (N6H7F1S3G0). ORM1 is known to regulate cell proliferation, 

migration, invasion ability, and apoptosis, and is associated with progressive disease in 

ccRCC117. Acting as a modulator of immune function, ORM1 is thought to inhibit 

complement deposition through interaction with selectins118. Glycosylation sites N72 and 

N93 typically consist of fully sialylated tri- and tetraantennary N-glycans, potentially with 

antennary fucosylation forming the sLex epitope.119 Elevated expression of ORM1 glycans 

containing sLex and core fucosylation moieties have been observed in patients with 

advanced pancreatic cancer120. A final example of known glycosylation involvement in 

cancer, two glycoforms of Haptoglobin (Hp) N241 containing complex tri-fucosylated 

(N5H5F3S0G0) and high mannose (N2H11F0S0G0) structures, were upregulated (high 

mannose was not significant, p = <0.05) in the high-risk group (Figure 16). Alterations in 

branching, sialylation, and fucosylation of Hp have been observed in many cancers and 

identified as potentially useful biomarkers for HCC, prostate, breast, colon, and gastric 

cancers121. Fucosylated Hp is associated with distant metastasis, and specifically, α1–3/4 

fucosylation at Hp N241 has been proposed as a potential biomarker for colon cancer122,123. 

For many other predictors, detailed information on glycosylation patterns, the role 

of specific glycan structures, and their involvement in cancer progression remains limited. 

The ML pipeline’s ability to identify several features already known to play a role in 

ccRCC progression from thousands of candidates demonstrates the potential of machine 

learning to extract valuable insights from large-scale quantitative glycoproteomic data. 

Investigation of the remaining glycoforms selected by the model is warranted and could 

potentially lead to the discovery of new biomarkers and therapeutic targets for ccRCC.  
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6.3 Dataset and Model Integration 

Machine learning has emerged as a valuable tool in healthcare and bioinformatics, 

with the potential to improve patient outcomes and support clinical decision-making. The 

availability of large data sets from electronic health records (EHR), imaging, biospecimen 

analysis, and genomic sequencing has facilitated the development of many ML-based 

approaches and applications124-127. While these studies show promise, most remain 

experimental and have yet to be translated into clinical practice. Continued development 

of computational models, validation, and clinical trials are essential to move these models 

into routine use.  

The FDA approved the first autonomous AI-based diagnostic system, IDx-DR, in 

2018128. This tool enables healthcare providers to automatically detect diabetic retinopathy 

in diabetic patients without requiring clinician interpretation of the image or results. The 

clinical use of automated diagnostic tools has the potential to increase access to care, 

improve early detection, and reduce costs. Another notable platform, CURATE.AI, was 

recently included in a prospective feasibility trial to recommend chemotherapy doses for 

patients diagnosed with advanced solid tumors129. The algorithm successfully identified 

optimal doses that balanced efficiency and minimized toxicity, resulting in an average 

chemotherapy dose reduction of 20%.  

The PredictMod platform is a freely available suite of ML-based tools for 

predicting clinical outcomes. With the inclusion of the glycosylation-based T2D and 

ccRCC models, PredictMod now hosts six predictive tools, including two EHR-based 

models for exercise intervention in T2D and diet counseling, and two gut microbiome 

models for exercise intervention in T2D and dietary intervention in epileptic seizures. 
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Future releases will incorporate additional data types and expand to cover a wider range of 

conditions. Although currently intended for educational and informational purposes only, 

the platform is designed for clinicians to confidentially upload patient data and receive 

accurate predictions. This personalized approach aims to enhance patient health by 

enabling clinicians to offer interventions, laboratory tests, or therapies tailored to individual 

patient needs. 

Machine learning and deep learning have been applied to numerous challenges in 

the expanding field of glycoinformatics, such as predicting clinical outcomes108, 

identifying glycosylation sites130, predicting lectin binding intensities131, text mining for 

glycosylation annotations, and annotating MS peaks132. However, the advancement of AI 

in glycobiology has lagged behind that of proteomics due to complexities inherent to 

glycan structures and analytical limitations associated with glycoproteins. The availability 

of curated datasets has been pivotal in promoting the application of ML and DL to 

bioinformatic problems in the genomics and proteomics communities. Wide use of datasets 

such as 1000 Genomes133, Genome in a Bottle (GIAB)134, Critical Assessment of Structure 

Prediction (CASP)135, and ProteinNet136 has enabled benchmarking and development of 

new computational and bioinformatics methods.  

Current datasets within glycobiology that are accessible for ML applications 

include Glycowork137, a Python package for glycan-related data science that offers stored 

datasets for developing algorithms and discovering novel insights into glycan properties; 

DeepNGlyPred130, a deep learning resource for N-linked glycosylation site prediction 

based on annotated sequences from the N-GlycositeAtlas138 human proteome; and 

GlycanML139, a comprehensive benchmark for glycan machine learning tasks, including 
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predicting taxonomy, immunogenicity, glycosylation type, and lectin interactions. 

Additionally, databases such as GlyGen, GlyCosmos140, and GlyConnect141 provide 

diverse glycan-related data adhering to the FAIR (Findable, Accessible, Interoperable, 

Reusable) Guiding Principles142. However, more standardized, pre-formatted datasets for 

glycobiology would facilitate the comparison of algorithm performance and lower barriers 

to entry for non-glycobiologists. 

The mission of the GlyGen project is to address the needs of the community, both 

within and outside of glycoscience, by providing integrated and standardized data related 

to glycobiology. To that end, GlyGen aims to make datasets available specifically for 

machine learning, generated by glycobiologists and curated by data scientists and 

bioinformaticians. The addition of the T2D and ccRCC ML-ready datasets represents the 

first of such datasets to be offered by the knowledgebase. In the future, GlyGen plans to 

add new datasets to address other types of predictive problems, integrating relevant 

information from the current knowledgebase and outside resources. The availability of 

such datasets can promote computational development in glycoscience and provide an 

access point for researchers from the machine learning community. 

 

6.4 Limitations 

One limitation of this study is the small sample size in each dataset. Ideally, datasets 

should include at least hundreds of observations when applying machine learning for robust 

and reliable predictions. Additionally, small datasets may not sufficiently represent the 

demographics of larger patient populations. Given the limited availability of publicly 

available glycomic and glycoproteomic datasets containing individual sample abundances, 
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the primary objective was to evaluate the predictive potential of these datasets using 

various ML classifiers despite the low sample numbers. Reserving a subset of the data for 

testing further reduced the number of samples available for training and cross-validation, 

potentially impacting the model performance. This approach was chosen to ensure that the 

ML pipelines were not overfit and were capable of generalizing to unseen samples. 

The results showed that the ML pipelines could extract informative features and 

accurately distinguish between classes in each dataset. However, it is possible that the 

observed changes in glycan and glycopeptide abundances are due to changes in protein 

levels rather than altered glycosylation. Furthermore, fluctuations in protein expression 

could potentially mask relevant glycosylation changes. Although the datasets did not 

include information on protein expression, there is evidence that the expression of specific 

glycan structures can change despite negligible differences in protein expression. For 

instance, expression of the sLex motif is known to increase on ORM1, SERAPINA3, and 

Hp during inflammation143. Additionally, the algorithms identified patterns and selected 

features containing glycan structures corroborated by previous experimental studies. 

Future models could address potential confounding effects by incorporating total protein 

expression and other clinical variables.  

Finally, the use of tumor tissue samples in the ccRCC dataset presents both benefits 

and limitations. Previous ccRCC studies have evaluated blood for its potential as an 

accessible and minimally invasive biomarker. Yet, distinguishing whether sample 

glycoproteins are released from the tumor or are due to the body’s reaction to immunity or 

inflammation is challenging. By utilizing tissue samples from surgically removed tumors, 

glycoproteins can be attributed directly to the tumor. However, due to the heterogeneity of 
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many cancers, expression from one area of the tumor may differ from another. The ccRCC 

dataset was generated using cryopulverized tissue specimens, but an interesting topic for 

future study is the influence of tumor glycoprotein spatial distribution on clinical outcomes. 
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Chapter 7: Conclusion 
 
 

In conclusion, this research demonstrates the potential of glycomic and 

glycoproteomic data for risk prediction in T2D and ccRCC. The results highlight the 

effectiveness of ML algorithms in detecting signals and non-linear patterns, particularly in 

complex glycosylation datasets characterized by large feature spaces or multicollinearity. 

Given the advent of large-scale quantitative glycosylation studies, it is likely that AI will 

become more commonplace in glycoinformatic workflows, thereby facilitating the 

identification of novel biomarkers that can improve early detection or identify patients at 

risk of progressive disease.  

This work marks the first integration of ML-ready datasets with the GlyGen 

knowledgebase and the inclusion of glycosylation-related models within the PredictMod 

platform. Although translating ML applications into clinical practice remains a challenge, 

enhancing the accessibility and utility of glycosylation data and predictive models 

encourages the advancement of AI in glycoinformatics. By making these tools more 

accessible, researchers and clinicians can better leverage AI to identify novel biomarkers 

and therapeutic targets, ultimately contributing to more precise and effective healthcare 

strategies. 
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Figures 
 
 

Figure 1. N- and O-linked Glycosylation types. 
(a) N-glycan core, (b) N-glycan high-mannose, (c) N-glycan complex, (d) N-glycan hybrid, (e) 
Core 1 O-glycan, (f) Core 2 O-glycan, (g) Core 3 O-glycan, (h) Core 4 O-glycan, (i) O-GlcNAc. 
Blue square: GlcNAc; green circle: Man; yellow square: GalNAc; yellow circle: Gal. 
 
a) e)  
 

 

 

b) f)  

 

 

 

c) g)  

 

 

 

d) h)  

 

 

 

 i)  
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Figure 2. Common glycan structures in T2D and ccRCC. 
(a) Tetaantennary N-glycan, (b) sialylated N-glycan, (c) Lewis X, (d) Lewis a, (e) sialyl Lewis X, 
(f) sialyl Lewis a, (g) core fucosylated N-glycan, (h) bisecting β1-4-linked GlcNAc N-glycan, (i) 
Tn antigen, (j) T antigen, (k) sialyl Tn antigen, (l) sialyl T antigen. 
Blue square: GlcNAc; green circle: Man; yellow square: GalNAc; yellow circle: Gal; red triangle: 
Fuc; purple diamond: NeuAc. 
 
a)  g)  
 

 

 

 

 

b) h)  

 

 

 

c) i)  

 

 

 

d) j)  

 

 

 

e) k)  

 

 

 

f)  l)  
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Figure 3. Schematic of the T2D machine learning workflow. 
Diagram depicting each step of the ML workflow: Data cleaning, inclusion/exclusion criteria, 
dimensionality reduction, pipeline construction, model optimization, evaluation, and feature 
importance. 
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Figure 4. Schematic of the ccRCC machine learning workflow. 
Diagram depicting each step of the ML workflow: Data cleaning, inclusion/exclusion criteria, 
dimensionality reduction, pipeline construction, model optimization, evaluation, and feature 
importance. 
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Figure 5. ROC-AUC for the T2D models. 
ROC-curves for the (a) T2D-ALL and (b) T2D-GLYCOTYPE models.    
 
a)  
 
 
 
 
 
 
 
 
 
 
 
 
 
b) 
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Figure 6. Confusion matrices for the T2D models. 
Confusion matrices for the (a) T2D-ALL and (b) T2D-GLYCOTYPE models. 
 
a)  
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Figure 7. Feature importance bar chart for the T2D-ALL model. 
Average SHAP value magnitudes across the entire dataset. 
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Figure 8. Flowchart of patient inclusion, exclusion and risk assignment. 
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Figure 9. ROC-AUC for the ccRCC models. 
ROC-curves for the (a) ccRCC-GLYCOFORM, (b) ccRCC-GLYCOTYPE and (c) ccRCC-
GLYCOSITE models.  
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Figure 10. Confusion matrices for the ccRCC models. 
Confusion matrices for the (a) ccRCC-GLYCOFORM, (b) ccRCC-GLYCOTYPE and (c) ccRCC-
GLYCOSITE models. 
 
a) b) 
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Figure 11. Feature importance bar chart for the ccRCC-GLYCOFORM model. 
Average SHAP value magnitudes across the entire dataset. 
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Figure 12. PredictMod models. 
User interface for PredictMod models (a) T2D and (b) ccRCC. 
 
a) 
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Figure 13. Example annotations from the ccRCC dataset. 
(a) Glycosylation annotations on the FN1 protein detail page (https://glygen.org/protein/P02751-
15), (b) Organism annotation on the G01485JJ glycan detail page 
(https://glygen.org/glycan/G01485JJ), (c) Tissue expression annotation on the G01485JJ glycan 
detail page. 
 
a) 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
b) 

 
 
 
 
 
 
 
 
 

 
 
 
c) 

 

https://glygen.org/protein/P02751-15
https://glygen.org/protein/P02751-15
https://glygen.org/glycan/G01485JJ
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Figure 14. Example Biocompute Object in the GlyGen data module.  
BCOs are located on the BCO JSON tab of each dataset page in GlyGen. 
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Figure 15. T2D Mann-Whitney-Wilcoxon rank sum test results 
Box plot visualization of results from the Wilcoxon rank sum test with Benjamini-Hochberg 
correction comparing the median abundance of T2D and normoglycemic individuals for each GP 
retained by the T2D-ALL model. 
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Figure 16. ccRCC Mann-Whitney-Wilcoxon rank sum test results 
Box plot visualization of results from the Wilcoxon rank sum test with Benjamini-Hochberg 
correction comparing the median abundance of high risk and low risk patients for each glycoform 
retained by the ccRCC-GLYCOFORM model. 
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Tables 
 
 

Table 1. Type 2 Diabetes Glycan Peak Identifiers and Images 
 
ID GlyTouCan Accession Image 

GP1 G83367MW 
 

GP2 G69449MU, G95184RD 
  

GP3 G83155SV 
 

GP4 G92683CO 

 

GP5 G62110XZ 

 

GP6 G94649QB, G44147IO 

  

GP7 G16377ZV 

 

GP8 G60878GV 
 

GP9 G60878GV 
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Table 1 – continued 
 
ID GlyTouCan Accession Image 

GP10 G50303DJ 

 

GP11 G74112GC 

 

GP12 G17434DR 
 

GP13 G69867DA 

 

GP14 G52069SB 

 

GP15 G20343BM 

 

GP16 G31213WS 

 

GP17 G02849EL 
 

GP18 G91519IS 

 

GP19 G73813HX 
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Table 1 – continued 
 
ID GlyTouCan Accession Image 

GP20 G87442NP 

 

GP21 G95602TE 

 

GP22 G34520RB 

 

GP23 G43679GQ 
 

GP24 G40510IW 

 

GP25 G43679GQ 
 

GP26 G20746DT 

 

GP27 G53916LT 

 

GP28 G75079FY 

 

GP29 G46440UD 
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Table 1 – continued 
 
ID GlyTouCan Accession Image 

GP30 G59722IA 

 

GP31 G62220SM 

 

GP32 G67579EM 

 

GP33 G67579EM 

 

GP34 G53972TI, G67579EM 

  

GP35 G78494LP 

 

GP36 G53972TI 

 

GP37 G94649DT 
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Table 1 – continued 
 
ID GlyTouCan Accession Image 

GP38 G12638YK 

 

GP39 G12638YK 

 

GP40 G42752DG 

 

GP41 G16933RK 

 

GP42 G16933RK 

 

GP43 G16933RK 

 

GP44 G09503CT 
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Table 1 – continued 
 
ID GlyTouCan Accession Image 

GP45 G58170TE 

 

GP46 G92164ET 
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Table 2. Configuration, hyperparameters, and cross-validation scores of the T2D pipelines. 
Best configurations of ML pipelines for each algorithm and feature set. 
PT: PowerTransformer; CV: Cross-validation; SGD: Stochastic gradient descent; N/A: Not 
applicable. 
 

 
Algorithm Algorithm Hyperparameters Scaler Feature 

Selection 
Feature Selection 
Hyperparameters 

Mean CV 
Score 
(AUC) 

T
2D

-A
L

L
 

LR C: 0.001 PT SFS Tol: -0.001 0.702 

SVC C: 0.1 
Kernel: Polynomial 

PT SFS Tol: 0.01 0.704 

KNN Neighbors: 19 PT SFS Tol: -0.01 0.689 

MLP Hidden layer sizes: 150, 25, 10, 10 
Solver: SGD 

PT None N/A 0.635 

RF Criterion: Gini 
Min samples split: 2 
Min samples leaf: 4 

PT None N/A 0.719 

XGBoost Gamma: 3 
Min child weight: 5 

PT SFS Tol: 0.0001 0.756 

T
2D

-G
L

Y
C

O
T

Y
PE

 

LR C: 0.3 PT SFS Tol: 0.0001 0.629 

SVC C: 0.3 
Kernel: Polynomial 

PT None N/A 0.740 

KNN Neighbors: 5 PT SFS Tol: 0.1 0.704 

MLP Hidden layer sizes: 100 
Solver: SGD 

PT None N/A 0.650 

RF Criterion: Gini 
Min samples split: 2 
Min samples leaf: 2 

PT None N/A 0.610 

XGBoost Gamma: 1 
Min child weight: 3 

PT SFS Tol: 0.1 0.601 
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Table 3. Configuration, hyperparameters, and cross-validation scores of the ccRCC 
pipelines. 
Best configurations of ML pipelines for each algorithm and feature set.  
Standard: StandardScaler; CV: Cross-validation; LBFGS: Limited-memory Broyden-Fletcher-
Goldfarb-Shanno algorithm. 
 

 
Algorithm Algorithm 

Hyperparameters Scaler Feature 
Selection 

Feature Selection 
Hyperparameters 

Mean CV 
Score 
(AUC) 

cc
R

C
C

-G
L

Y
C

O
FO

R
M

 

LR C: 0.01 Standard LASSO Alpha: 0.0001 0.914 

SVC C: 2 
Kernel: Sigmoid 

Standard LASSO Alpha: 0.01 0.898 

KNN Neighbors: 19 Standard LASSO Alpha: 0.0001 0.907 

MLP Hidden layer sizes: 100 
Solver: Adam 

Standard LASSO Alpha: 0.0003 0.922 

RF Criterion: Gini 
Min samples split: 5 
Min samples leaf: 1 

Standard LASSO Alpha: 0.0001 0.904 

XGBoost Gamma: 0 
Min child weight: 0.1 

Standard LASSO Alpha: 0.2 0.775 

cc
R

C
C

-G
L

Y
C

O
T

Y
PE

 

LR C: 0.01 Standard LASSO Alpha: 0.00006 0.914 

SVC C: 0.01 
Kernel: Polynomial 

Standard LASSO Alpha: 0.0001 0.885 

KNN Neighbors: 17 Standard LASSO Alpha: 0.0001 0.737 

MLP Hidden layer sizes: 100, 100 
Solver: LBFGS 

Standard LASSO Alpha: 0.0001 0.904 

RF Criterion: Gini 
Min samples split: 4 
Min samples leaf: 1 

Standard LASSO Alpha: 0.2 0.842 

XGBoost Gamma: 0 
Min child weight: 0.1 

Standard LASSO Alpha: 0.2 0.833 

cc
R

C
C

-G
L

Y
C

O
SI

T
E

 

LR C: 0.1 Standard LASSO Alpha: 0.00001 0.897 

SVC C: 0.5 Standard LASSO Alpha: 0.00001 0.897 

KNN Neighbors: 7 Standard LASSO Alpha: 0.047 0.888 

MLP Hidden layer sizes: 100, 100 
Solver: SGD 

Standard LASSO Alpha: 0.0072 0.905 

RF Criterion: Gini 
Min samples split: 2 
Min samples leaf: 3 

Standard 
 
 
 

LASSO Alpha: 0.06 0.824 

XGBoost Gamma: 5 
Min child weight: 0 

Standard LASSO Alpha: 0.06 0.827 
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Table 4. Test set evaluation results of the T2D and ccRCC models. 
Final evaluation results for the (a) T2D models and (b) ccRCC models. 
 
(a) 

Feature Set Algorithm AUC Accuracy Sensitivity Specificity 

T2D-ALL XGBoost 0.812 0.800 0.857 0.750 

T2D-GLYCOTYPE SVM 0.571 0.467 0.286 0.625 

 
(b) 

Feature Set Algorithm AUC Accuracy Sensitivity Specificity 

ccRCC-GLYCOFORM MLP 0.943 0.917 1.00 0.800 

ccRCC-GLYCOTYPE LR 0.886 0.750 0.857 0.600 

ccRCC-GLYCOSITE LR 0.914 0.833 1.00 0.600 
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