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Abstract 
 

Temporary fixation devices must balance two crucial needs: preventing infection and supporting 

healthy bone healing. These devices should encourage the right amount of cell adhesion-enough to 

let bone repair itself, but not so much that the device becomes difficult to remove later. To explore 

how to achieve this balance, this thesis looked at how human mesenchymal stem cells (hMSCs) 

interact with titanium surfaces coated with zirconia doped with silver (ZrO₂–Ag). Rather than just 

measuring whether certain genes or proteins went up or down, a new distance-based computational 

method was used to see how relationships between them changed. This method analyzed over five 

million gene pairs and more than 700 protein pairs, tracking shifts in how closely related they were 

and what biological functions were affected. 

The findings showed that adding silver did consistently reshape how genes and proteins connect, 

especially in pathways related to cell adhesion and the cytoskeleton. Interestingly, both stronger 

and weaker molecular interactions still centered around the same adhesion-related functions, and 

some genes and proteins acted as central hubs whose roles shifted depending on the context. While 

the protein data set was smaller and had more variability, it backed up the results seen in gene 

expression and confirmed a clear remodeling of adhesion and cytoskeletal networks.  

These results build on earlier research by revealing that silver influences how cells interact with 

materials, not just by turning adhesion molecules on or off, but by dynamically reorganizing the 

networks they belong to. In summary, this thesis shows that zirconia-silver coatings offer both 

infection protection and adaptable cellular responses, making them promising for temporary 

fixation devices. The distance-matrix method proved especially useful for detecting these subtle 

but important changes, highlighting its potential as a tool for future biomaterials research. 

 

 

 

 

 



7 
 

1.Introduction 

Implants consist of biological or artificial materials that are inserted or grafted into the body 

[1]. Their use can be traced back to ancient Egyptian civilizations and cultures in South-Central 

America. Thanks to advancements in material and biological sciences, remarkable progress has 

been achieved in this field. Improvements in the quality and availability of implant materials 

have made this treatment option extremely promising, innovative, and widely adopted in 

contemporary practice [2]. 

As implants became more sophisticated, it became clear that their success depends not only on 

the bulk material but also on the properties of their surfaces. In particular, the way cells and 

bacteria interact with implant surfaces plays a crucial role in determining outcomes such as 

tissue integration and infection risk [3]. Consequently, a significant amount of research has 

focused on developing pro-regenerative and antibacterial surface modifications, especially for 

permanent implants [4], [5]. However, comparatively little attention has been given to 

temporary implants. These devices, which are used briefly to stabilize fractures in polytrauma 

patients before being removed for definitive treatment, pose unique requirements [6].  

Consequently, materials intended for temporary fixation devices must not encourage cell 

adhesion or proliferation (unlike permanent implants), as removing them before implanting the 

prosthesis might harm the bone if tissue ingrowth has taken place [7]; however, these materials 

must still be cytocompatible to avoid the release of harmful compounds at the healing site. The 

primary concerns related to temporary fixation devices are bacterial contamination and 

excessive tissue growth. To address these challenges, certain studies emphasize the importance 

of surface roughness in tissue adhesion, proposing the creation of notably smooth surfaces to 

hinder tissue overgrowth on temporary fixation devices [8], [9]. Additionally, it can be inferred 

that surface roughness significantly impacts bacterial adhesion as well. In addition to 

controlling roughness, other research explores the creation of innovative coatings through 

functionalization, such as using vitamin E [10]. Currently, there is only a temporary fixation 

device that features a biodegradable coating designed to release the antibiotic Gentamicin, 

along with two devices that have coatings that release silver ions. Building on previous 

findings, thin inorganic coatings of potential relevance for temporary fixation devices are being 
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developed using zirconia doped with silver (ZrO₂–Ag), characterized by a very smooth surface 

topography that can help diminish bacterial adhesion [11]. 

Metal ions have been historically utilized as antimicrobial agents and disinfectants. 

Specifically, silver (Ag) demonstrates significant effectiveness in eliminating multidrug-

resistant bacteria and in enhancing the success rates of treatments for infections caused by 

resistant strains [12], [13]. 

There has been a significant rise in the use of silver in the healthcare sector because of its 

exceptional antibacterial characteristics [14], [15]. 

Silver is extensively used in antibacterial coatings due to its recognized capability to eliminate 

bacteria by compromising membrane integrity, inhibiting protein synthesis, disrupting DNA 

replication, or inducing oxidative stress through the generation of reactive oxygen species 

(ROS) in the cytoplasm [16]. 

While the antibacterial potential of silver and surface modifications has been widely 

recognized, the precise biological responses they trigger at the molecular level remain complex 

and not fully understood. In the era of high-throughput biology, advanced technologies such as 

next-generation sequencing (NGS) and mass spectrometry (MS) have revolutionized our ability 

to investigate these interactions. Two major fields that have grown out of these advances are 

transcriptomics and proteomics. This thesis explores how cells respond at the molecular level 

to zirconia doped with silver coatings on temporary fixation devices by applying transcriptomic 

and proteomic analyses. 

To fully understand how surface modifications influence cellular behavior, it is essential to 

move beyond macroscopic observations and explore molecular-level responses. High-

throughput techniques such as transcriptomics and proteomics offer powerful tools to capture 

these changes in detail. By examining gene and protein expression patterns, we can uncover 

how cells react to different implant surfaces, providing insights that are critical for designing 

materials with improved biological performance. 
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1.1. Transcriptomic data analysis and its challenges 

The transcriptome acts as a vital intermediary, rich with information that provides significant 

insights into the biology of diseases. It includes the complete set of RNA transcripts produced 

in a cell, reflecting both fundamental genetic and epigenetic factors, as well as environmental 

influences. This creates a comprehensive view of the functional states of cells at any given 

moment [17].  

Recent advancements in technology now enable us to examine the transcriptome at the 

individual cell level [17]. 

Since 1950, the primary focus of RNA studies has been its role in protein synthesis. Subsequent 

discoveries revealed that only a minor portion of RNA is responsible for coding proteins, while 

the remainder may serve various functional purposes. With the rise of NGS, particularly RNA 

sequencing (RNA-seq) technology, the costs associated with sequencing production 

significantly decreased. Among the uses of NGS, transcriptome analysis examining transcripts 

within a cell and quantifying them for specific developmental stages or treatment conditions 

has become increasingly prevalent in laboratories. Consequently, the last decade has brought 

forth new insights into transcriptome complexity and the roles of RNA molecules in cellular 

functions. In terms of computational progress, bioinformatics research has introduced new 

methodologies for analyzing RNA-seq data. Comparing transcriptome profiles from multiple 

samples often poses challenges for those without programming expertise [18].  

Currently, the use of NGS technology for transcriptome analysis is regarded as the gold 

standard, completely supplanting microarray-based expression profiling, which has dominated 

the field for over a decade. Over ten years ago, with the rise of massively parallel sequencing, 

RNA-seq emerged as a crucial technological tool in molecular biology [19], [20], [21] to 

enhance our understanding of gene expression processes by assessing expressed mRNAs [22] 

through the sequencing of a complete transcriptome in various cell and tissue types and 

conditions. The significance of this sequencing technology lies in its ability to explore 

numerous aspects of molecular biology, such as studying mRNA splicing [23], the regulation 

of gene expression mediated by noncoding RNAs [24], and the role of enhancer RNAs [25]. 

More than 100,000 alternative isoforms have been identified through RNA-seq experiments 

[23], yet pinpointing functional transcripts remains a challenge. In an NGS experiment, a 
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typical laboratory workflow initiates with RNA extraction and concludes with library 

preparation for sequencing. The sequencing process generates several million short reads, 

usually comprising hundreds of bases in length. The main computational application of RNA-

seq involves determining the quantitative variations in expression levels between experimental 

groups (for example, at the gene or transcript levels). Other computational approaches are also 

explored based on specific biological questions, including alternative splicing events, 

alternative polyadenylation sites, and fusion events. However, as the volume of experimental 

data continues to escalate, bioinformatics has effectively entered the big data era, making the 

interpretation of results from comparisons between different RNA-seq samples increasingly 

intricate. In conjunction with technological advancements in NGS, extensive primary 

repositories of raw sequencing data (such as the Sequence Read Archive SRA) [26], The Cancer 

Genome Atlas TCGA, Genotype-Tissue Expression GTex [27], and the Cancer Cell Line 

Encyclopedia CCLE) have been rapidly populated with a vast amount of sequencing data. 

These archives house an impressive collection of RNA-seq samples that can facilitate new 

analyses [28], [29], [30] and enable the reuse of data for in silico comparisons and validations. 

Over the past decade, numerous pipeline tools have been developed specifically for RNA-seq 

data analysis [31]. 

Advancements in sequencing technologies, particularly NGS and the groundbreaking third-

generation sequencing, have transformed the study of genetic sequences in a cost-effective way 

[32]. These techniques have produced enormous volumes of data related to DNA, RNA, and 

protein sequences [32]. Specifically, RNA sequence data is being leveraged to reveal hidden 

insights, such as the unique functions of RNAs in living organisms (for instance, in protein 

synthesis and gene regulation) and their connections to various diseases, including cancers, 

genetic illnesses, and neurodegenerative disorders [33]. To obtain a deeper understanding of 

RNA sequence information, researchers are employing wet-lab experimental methods for a 

range of RNA sequence analysis tasks [34]. However, RNA sequence analysis based on wet-

lab experiments tends to be time-intensive and costly. Due to the inherent drawbacks of 

traditional wet-lab methods, researchers are exploring the capabilities of Artificial Intelligence 

(AI) techniques to create applications for AI-driven RNA sequence analysis [34]. The majority 

of AI-driven RNA sequence analysis applications are categorized under regression, clustering, 

and classification approaches. The objective of the clustering approach is to group RNA 
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sequences that exhibit similar traits [32], [34]. The regression approach is centered around 

predicting continuous numerical values based on RNA-seq data [32], [34]. For example, 

researchers might employ regression to forecast how the expression level of a particular gene 

could fluctuate under different environmental conditions [32], [34]. The classification approach 

focuses on assigning RNA sequences to predefined groups [32], [34]. A comprehensive 

workflow for these three distinct paradigm-based AI-driven RNA sequence analysis predictive 

pipelines is depicted in Fig. 1. A closer examination of Fig. 1 demonstrates that the functioning 

paradigm of AI-driven RNA sequence analysis predictive pipelines can be divided into four 

separate stages. The first stage concentrates on gathering and curating high-quality benchmark 

datasets. This stage either utilizes datasets produced by prior studies or generates new datasets. 

The generation of new datasets involves obtaining RNA sequences and their related information 

from public databases or obtaining data through wet-lab experiments. The second stage, known 

as representation learning, utilizes various techniques to capture the informative distribution of 

nucleotides in RNA sequences and transform this information into statistical vectors. This 

conversion is crucial because AI techniques fundamentally depend on statistical vectors. The 

third stage employs the statistical vectors of RNA sequences along with machine learning (ML) 

or deep learning (DL) algorithms to make predictions. The aim of the fourth stage is to assess 

the effectiveness of predictive pipelines that deploy representation learning and machine/deep 

learning methods. Among all four stages, the representation learning stage is the most pivotal, 

as high-quality statistical vectors enable even basic ML algorithms to perform effectively, 

whereas inadequate vectors can impede the performance of advanced algorithms [35]. 



12 
 

 

Figure 1 Predictive pipeline of RNA Sequence Analysis Tasks [35].  

 

       Challenges in transcriptomic data analysis  

Although transcriptomics offers promising possibilities for understanding disease mechanisms, 

it also presents considerable hurdles, especially regarding the analysis and interpretation of the 

large amounts of data produced using an expanding variety of analytical tools [36]. 

RNA-seq has numerous applications, but a universal analysis pipeline is not applicable for all 

scenarios [37]. 

Large transcriptomic datasets, especially those featuring various experimental conditions or 

time-series analyses, require significant computational resources and effective algorithms. 
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Achieving scalability and preserving performance continue to be ongoing challenges for large-

scale transcriptomic initiatives [38]. 

The normalization of transcriptomic data continues to be a major challenge, particularly in 

scenarios where the datasets are unbalanced, featuring an uneven number of up-regulated 

versus down-regulated genes. Many current techniques operate under the assumption of 

balanced expression, and breaching this assumption can result in significant biases. There is no 

one-size-fits-all normalization approach that suits every experimental design, and choosing the 

wrong method can skew biological interpretations [39]. 

Recognizing this issue has significantly advanced the creation of normalization techniques for 

shifted expression data. Over the past twenty years, more than 20 methods have been introduced 

that either avoid or rely less heavily on fundamental assumptions:  

Cross normalization (CrossNorm) [40], Informative cross normalization (ICN) [41], Modified 

least-variant set normalization (LVSmiR) [42], Kernel density weighted loess normalization 

(KDWL) [43] 

While bulk transcriptomic investigations have greatly advanced our understanding of complex 

diseases, their ability to explore is limited by the diverse compositions of biological samples. 

Specifically, by averaging the expression levels across various cell types, RNA-Seq analysis 

fails to account for changes at the cellular level, which complicates the identification of the 

underlying components within tissues. There are ongoing challenges that need to be overcome 

in order to accurately assess closely related cell types from RNA sequencing data, highlighting 

the complementary role of single-cell RNA-Seq for this purpose [44]. 
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1.2. Proteomic data analysis and its challenges 

The term "proteome" refers to the full array of proteins present in a cell. It is recognized as the 

extensive analysis of all proteins within entire cells, tissues, and organisms. This field focuses 

on the investigation of protein functions, their locations, and interactions among proteins [45]. 

The primary goal of proteomics is to understand where proteins are located by creating a three-

dimensional representation of a cell. The inherent dynamism of proteomics aids in identifying 

both the external and internal signals that influence the biochemical systems associated with 

cells [45]. It also provides insight into post-translational modifications, protein synthesis, and 

degradation. This process can be viewed as capturing a momentary snapshot of the protein 

environment at a specific time [46]. 

Proteins are one of the most vital and informative molecules involved in biological functions 

[47]. They play both structural and functional roles in cellular processes. In biomedical 

research, it is vital to analyze our proteome to identify diseases and understand their behavior. 

Traditional techniques often fall short and lack the ability to simultaneously analyze many 

proteins from the vast array of complex biological data samples [48]. Consequently, MS is one 

of the modern methods employed to carry out the aforementioned task in a cohesive manner 

[49]. To understand the connection between a disease and its phenotypic behavior, as well as 

the progression and regulatory mechanisms of the disease in the body, must be examined [49]. 

Through mass spectrometry, we can compile a list of proteins that are readily identifiable using 

the available information [49].  

Additionally, various bioinformatics tools are employed to abstract data from the large datasets 

generated, utilizing deep neural networks (DNN) constructed through DL algorithms.   

Typically, DL neural networks possess two key characteristics: first, they consist of multiple 

layers formed by multi-layered structures of nonlinear processing units, and second, diverse 

types of supervised and unsupervised algorithms are applied at each layer to extract features 

from the specific dataset. The applications of DL are extensive and adaptable within the scope 

of bioinformatics and biomedical data analysis, including genome sequencing, among other 

areas [50]. 

Proteomics experiments can be defined by the volume of experimental data produced during 

the studies and the accompanying informatics models. Small-scale experiments yield relatively 

limited data, such as identifying a specific group of proteins in a one- or two-dimensional gel 



15 
 

(1D or 2D) [51]. These experiments are specifically designed around well-defined hypotheses, 

which are rigorously tested through the experimental findings. The analysis requires significant 

intuitive iteration and re-evaluation by qualified observers, making it hard to automate 

profitably. Consequently, the significance of the information's structure diminishes: each 

observer tends to have distinct techniques for deriving insights and knowledge from the dataset. 

Medium-scale proteomics employs many of the same techniques as small-scale experiments, 

but the dataset's size becomes so large that thorough evaluation by trained observers is 

unfeasible [52]. The objective of these experiments remains to extract the most knowledge from 

the data, but the sheer volume of information presents a genuine obstacle to the iterative, 

intuitive methodology utilized in small-scale studies. Observers are engaged to sift through the 

information to assess whether it has been accurately constructed from the data. The informatics 

model for this type of project is necessarily more rigid, curtailing the reporting flexibility that 

small-scale experiments typically allow. Data and information storage transform into a form-

filling task, where the aim is to fill a relational database that permits extensive examination of 

the information. Large-scale proteomics initiatives rely on fully automated systems to gather 

and process data, transforming it into information [53]. Observer involvement is minimal, 

except for quality control purposes. The informatics model must be entirely fixed, adhering to 

a set of external guidelines dictated by the experimental design [54].  

A growing volume of proteomics data is being stored in databases. Specifically, pathway 

databases (Table 1) enable researchers to investigate molecular mechanisms and interactions 

among proteins linked to a specific condition identified in a proteomics study. The biological 

information structured in pathway databases can be utilized to formulate robust hypothesis 

through an inductive approach and to assign an expectation value to it [55].  

Over-representation analysis can be utilized to emphasize significant pathways in order to 

functionally interpret variations in protein abundance identified through differential 

quantitative proteomics. The hypergeometric test, also known as Fisher's test, is typically 

employed to determine a p-value for each pathway that is either over or under-represented. 

Fisher's test is a conditional analysis, where the p-value for an over-represented pathway is 

derived from the count of differentially expressed proteins within the experimental data set and 

a reference database, regardless of their pathway assignment. A variety of software tools exist 

to carry out this type of analysis (Table 2) [55]. 
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                                          [55] 

Challenges in proteomic data analysis  

The comparison, sharing, and exchange of data or analytical results obtained from various 

platforms or different laboratories remain significant challenges, primarily due to the lack of 

standardized data formats, processing parameters, and quality assessment criteria. As a result, the 

of a unified pipeline for the processing and analyzing complex proteomics datasets has become 

increasingly essential [56]. 

In peptide-based MS quantification, the amount of a protein is estimated from a limited selection 

of peptides, sometimes only a single peptide. To improve the reliability of these estimates, 

researchers generally apply thresholds for the minimum number of peptides considered. For 

example, Peaks Studio Quantification typically relies on the top three peptides for protein 

quantification, although ideally, all reliably detected peptides should be incorporated [57]. 

Similarly, in top-down proteomics, many data analysis tools either emphasize protein 

identification, have a complicated user interface, or are exclusive to instrument manufacturers, 

thereby limiting accessibility for researchers [58]. 
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Another major challenge arises from the intrinsic characteristics of proteomics data, which is often 

high dimensionality and very limited sample sizes, creating substantial difficulties when applying 

ML methods to extract the most pertinent information. While many statistical techniques and 

various analysis pipelines are utilized in analyzing proteomics data, it remains uncertain which 

methods yield the most effective, reproducible, and clinically relevant outcomes [59]. 

  

Machine learning in proteomic data analysis 

Just as proteomics serves as a broad term that encompasses numerous workflows and concepts, the 

term ML also carries a similarly expansive interpretation [60]. ML methodologies have enabled 

systematic, data-driven exploration of comprehensive proteomic platforms, thereby uncovering 

novel biomarkers [61]. This advancement has created opportunities to evaluate both disease-

specific and shared molecular features across different conditions. In the broader context of 

biomedical science, ML is driving discoveries in areas where traditional approaches, based 

primarily on human-derived knowledge, have achieved limited success [62]. However, progress in 

testing and applying these technologies has been hindered by the lack of prospective studies that 

link diverse diseases with electronic health records, representing a significant barrier to their wider 

clinical translation [63].   

One notable example of a successful ML application in proteomics is Deep Multiple Reaction 

Monitoring (DeepMRM), a targeted proteomic data interpretation tool that employs DL algorithms 

for object detection, specifically created to significantly minimize the manual inspection workload, 

even for complex and noisy datasets. By recontextualizing the task of identifying peaks for targeted 

peptides as an object detection problem, DeepMRM locates instances of peak groups within a series 

of 1D chromatograms, similar to how conventional object detection frameworks recognize object 

instances of a certain class in a 2D image. DeepMRM takes transition chromatograms of different 

lengths and quantities as input, producing chromatographic peaks of targeted peptides along with 

their corresponding abundances and confidence scores. The detection outcomes and transition 

chromatograms are displayed in a graphical user interface, allowing users to quickly review and 

modify the results as required. DeepMRM enhances the efficiency of high-throughput targeted 

proteomics analysis through automated quantification and quality control, eliminating the need for 

decoy transitions [64]. 
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2.The aim of the study 

The objective of this research is to computationally assess pre-existing transcriptomic and 

proteomic datasets derived from human mesenchymal stem cells grown on bare titanium (Ti 

control) and titanium surfaces coated with low concentrations of zirconia doped with silver (Ag 

low). By employing distance matrix–based methods, the study measures alterations in gene and 

protein expression relationships between different conditions and identifies the gene and protein 

pairs that are most significantly affected. Following this, additional analyses such as clustering, 

classification, and functional enrichment are conducted to uncover important molecular 

characteristics, protein–protein interactions, and biological processes linked to silver-doped 

coatings.  
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3.Materials and Methods 

3.1 Cell lines and experimental conditions 

Human mesenchymal stem cells (hMSCs) derived from three independent cell lines were used in 

this study. Cells were cultured on titanium alloy (Ti6Al4V) substrates to investigate molecular 

responses to surface modification by silver doping. Two experimental conditions were compared: 

bare titanium (Ti used as control) and zirconia-coated titanium doped with a low concentration of 

silver (Ag low). The Ag low coating was designed to release silver ions in a controlled manner, 

thereby providing bacteriostatic effects while maintaining substrate stability. 

Cells from each of the three lines were seeded on both Ti and Ag low substrates under identical 

culture conditions. After defined exposure times, proteins and total RNA were extracted separately 

from each line and prepared for proteomic and transcriptomic profiling. The proteomic profile was 

analyzed through MS using a Q Exactive Plus Mass Spectrometer. The cell culture experiments 

and initial omics data generation were previously carried out and published by Ferraris et al. 2025 

[65].  

In this thesis, these existing datasets were re-analyzed using a distance-based computational 

approach aimed at identifying the gene and protein pairs most affected by the silver-doped coating. 

3.2 Data preprocessing 

The proteomic and transcriptomic datasets were first imported into the Orange tool (version 3.38.1) 

for preprocessing. To ensure that all features were directly comparable across genes and conditions, 

interval normalization (0-1) was applied. Data distribution was explored using box plots, which 

allowed visualization of variation across the three cell lines under each condition. To evaluate 

whether there were global differences between the two experimental groups, a T-test was 

performed, comparing mean expression and protein values between the Ag low and Ti conditions. 

Outlier detection was then performed to refine the dataset. A one-class support vector machine 

(SVM) implemented in Orange with a 0.01 Karnel coefficient was used to identify and exclude 

outliers, with only inlier data points retained for further analyses. 
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The one-class SVM is a variation of SVM designed to work with unlabeled data [66], and as a 

well-established method for detecting outliers, it has found extensive use across various 

applications [67]. The primary distinction between the two classifiers lies in the fact that the one-

class SVM focuses solely on a single class. This approach was originally developed for 

unsupervised detection of outliers and anomalies in datasets containing only one class [68], [69], 

[70], [71]. 

The one-class SVM is quite similar to traditional SVMs, which were initially presented by Vapnik 

[71], [72], but it differs in its application. Specifically, the one-class SVM identifies a decision 

boundary that wraps around the smallest area possible around a chosen set of examples from the 

target class. Once this boundary is created, it can be used to determine whether new test examples 

are outliers (if they fall outside the boundary) or non-outliers (if they are within the boundary) [73]. 

Genes or proteins that were absent in one of the two conditions were also removed to maintain 

consistency and avoid misleading comparisons. 

To assess reproducibility between biological replicates, Pearson correlation coefficients were 

calculated for the three cell lines under each condition.  

The Pearson correlation coefficient is commonly utilized for data that follows a joint normal 

distribution, and the correlation quantifies the degree of a monotonic relationship between two 

variables. In data that exhibits correlation, a change in the scale of one variable corresponds to a 

change in the scale of another variable, either in the same direction or in the opposite direction. In 

simpler terms, greater values of one variable are generally linked to either greater (positive 

correlation) or lesser (negative correlation) values of the other variable, and vice versa [74]. 

1.3. Distance-based analysis of transcriptomic and proteomic 

data 

Studying gene expression and other types of high-dimensional genomic data can be challenging 

due to the sheer number of variables involved. Over the years, a variety of methods have been 

developed to simplify and make sense of this complexity [75]. One common strategy is data 

reduction, for example, using cluster analysis which helps to identify patterns and group similar 

samples in a meaningful way [76]. 
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A particularly powerful approach is the construction of a similarity or distance matrix. This matrix 

provides a straightforward way to quantify how similar or different each pair of samples is based 

on their gene or protein expression profiles. The idea of using distance matrices dates back to the 

earliest gene expression studies and has since become a standard practice. Today, it underpins many 

modern tools for visualizing and analyzing omics data and forms the foundation for most clustering 

and network-based analyses [77], [78], and it forms the foundation for most clustering techniques 

[78]. 

In this study, we applied this framework to both transcriptomic and proteomic datasets, enabling 

us to identify genes and proteins whose expression relationships were most affected by the silver-

doped titanium surfaces. 

3.1.1. Transcriptomic analysis 

3.1.1.1. Distance matrix calculation and ratio 

For the transcriptomic data, pairwise Euclidean distances were calculated between the mean 

expression values of the three cell lines under each condition (Ag low and Ti), generating distance 

matrices. To facilitate downstream analysis, each distance matrix was transformed into a table with 

three columns: GeneA, GeneB, and the corresponding distance. Immediately after this 

transformation, self-comparisons (e.g., GeneA vs. GeneA) and duplicate pairs (e.g., GeneA–GeneB 

vs. GeneB–GeneA) were removed to retain unique gene pairs for downstream analyses. To directly 

compare the two conditions, the distance ratio (Ag low / Ti) was then calculated for each gene pair. 

This allowed us to quantify how relationships between genes were altered by the silver-doped 

coating. 

3.1.1.2. Selection of top gene pairs 

Using these distance ratios, the top and bottom 5% of gene pairs showing the largest differences 

between Ag low and Ti were selected. 

3.1.1.3.  Functional enrichment analysis 

The selected gene pairs were analyzed for functional enrichment using the ToppGene portal, with 

Bonferroni correction applied. Genes with p < 0.01 were considered significant. Adhesion-related 

processes were cross-checked against GO terms in Ensembl BioMart (GO:0007155, GO:0022610, 
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GO:0031589, and GO:0098609) to ensure accurate annotation. Exceptionally small p-values 

reported as zero were replaced with 1 × 10⁻³⁰⁰ to allow calculation of –log₁₀ (p-values).  

For visualization, the 20 most significantly enriched biological processes were plotted for both the 

“Ag low increased distance” and “Ag low shortened distance” groups. Each group was assigned a 

distinct color to facilitate direct comparison. Relevant processes, including “regulation of 

programmed cell death” and “response to wounding,” were highlighted to illustrate key functional 

changes induced by the silver-doped titanium surfaces. 

3.1.2. Proteomic analysis 

3.1.2.1. Distance matrix calculation and transformation 

Proteomic data was processed similarly. Pairwise Euclidean distances between proteins were 

calculated for each condition, generating distance matrices. Each matrix was then transformed into 

a table with three columns: Protein A, Protein B, and the corresponding distance. After this 

transformation, self-comparisons (e.g., Protein A vs. Protein A) and duplicate pairs (e.g., Protein 

A_ Protein B vs. Protein B_ Protein A) were removed to retain only unique protein pairs for 

downstream analyses. 

3.1.2.2. Distance ratio calculation and clustering 

For each protein pair, the ratio of distances between Ag low and Ti conditions was calculated, 

followed by a log₂ transformation. These transformed ratios were clustered using the k-means 

algorithm in Orange (version 3.38.1) with k = 5, random initialization, 10 re-runs, and a maximum 

of 300 iterations. Clustering quality was evaluated using the Silhouette coefficient, which measures 

how well clusters are separated while remaining internally cohesive.  

3.1.2.3. Selection of protein pairs 

To focus on biologically meaningful differences, only protein pairs with at least a two-fold change 

in distance ratios were retained for further analysis. 

3.1.2.4. Functional enrichment analysis 

These selected protein pairs were submitted separately to STRING software for protein-protein 

interaction analysis, using a minimum interaction score of 0.7 to ensure reliability.  
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4.Results 

1.4. Data overview and quality assessment 

To explore the molecular responses of hMSC to zirconia coatings, the transcriptomic and proteomic 

datasets were first examined through descriptive and comparative analyses. 

The initial transcriptomic dataset contained 21,398 genes, evenly distributed between conditions 

(Ag low = 10,699; Ti = 10,699). The proteomic dataset included 236 proteins, also evenly divided 

(Ag low = 118; Ti = 118). These datasets were subjected to preliminary quality assessments to 

ensure reliability for downstream computational analyses. 

4.1.1. Distribution of expression data (Boxplots and statistical evaluation) 

Boxplots were generated from the raw data to examine the initial distributions of expression values 

across conditions. The plots were created using the Box Plot widget in Orange (v3.38.1). Each box 

shows the interquartile range (IQR), with the median indicated by a central line, whiskers extending 

to 1.5 × IQR, and outliers plotted individually. This visualization allowed the detection of extreme 

values and provided an overview of the overall data spread. 

Transcriptomic dataset: Distributions were broadly comparable (Figure 2), a significant difference 

in mean values was detected (t = 34.877, p < 0.001, N = 21,398), suggesting that transcript levels 

were more sensitive to the silver coating. 

Proteomic dataset: Distributions across Ti and Ag low were highly similar (Figure 3), and statistical 

analysis confirmed no significant difference in mean values (t = 0.714, p = 0.476, N = 236). 

 

Figure 2 Boxplot showing the distribution of transcriptomic expression values for the two experimental conditions (Ti and Ag 

low). The plot represents the mean expression values across the three hMSC lines for each condition. The central line indicates 
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the mean, the shaded box represents the standard deviation, and the whiskers extend to the minimum and maximum values within 

1.5 × the standard deviation. Points lying outside this range are displayed as outliers. A significant difference in mean expression 

was observed between conditions (Ti: 4.80 ± 1.97; Ag low: 3.79 ± 2.28, t = 34.877, p < 0.001, N = 21,398). 

 

Figure 3 Boxplot showing the distribution of proteomic expression values for the two experimental conditions (Ti and Ag low). The 

plot represents the mean expression values across the three hMSC lines for each condition. The central line indicates the mean, the 

shaded box represents the standard deviation, and the whiskers extend to the minimum and maximum values within 1.5 × the 

standard deviation. Points lying outside this range are displayed as outliers. No significant difference in mean expression was 

observed between conditions (Ti: 23.28 ± 1.95; Ag low: 23.08 ± 2.19, t = 0.714, p = 0.476, N = 236), indicating comparable overall 

protein expression levels. 

 

4.1.2. Data normalization and outlier evaluation 

Following initial visualization, both transcriptomic and proteomic datasets were normalized using 

interval scaling (0-1) in Orange (v3.38.1) to place all features on a comparable scale across 

genes/proteins and conditions. After normalization, outlier detection was performed using a one-

class SVM, which flagged genes or proteins with expression values deviating strongly from the 

main distribution. Only inlier data points were retained for downstream analyses. After this 

refinement, the proteomic dataset contained 119 proteins (Ag low = 57; Ti = 62), and the 

transcriptomic dataset contained 10,699 genes (Ag low = 5,051; Ti = 5,648). This combined 

preprocessing ensured that distance matrix construction, ratio calculations, clustering, and 

functional enrichment analyses were not biased by extreme or inconsistent values. 

4.1.3. Correlation assessment of biological replicates 

The reproducibility of the datasets was assessed by calculating Pearson correlation coefficients 

between the three hMSC lines for each condition. 

For the transcriptomic dataset (Figure 4), reproducibility was markedly higher. In the Ag low 

condition, correlation values were 0.96 (cell line 1 vs. cell line 2), 0.97 (cell line 1 vs. cell line 3), 
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and 0.97 (cell line 2 vs. cell line 3). Similarly, in the Ti condition, correlations were 0.96 (cell line 

1 vs. cell line 2), 0.93 (cell line 1 vs. cell line 3), and 0.93 (cell line 2 vs. cell line 3). These 

consistently high values demonstrate excellent agreement between transcriptomic replicates in both 

conditions. The corresponding scatter plots are shown in Figure 4. 

For the proteomic dataset (Figure.5), the Ag low condition showed correlations of 0.68 (cell line 

1 vs. cell line 2), 0.65 (cell line 1 vs. cell line 3), and 0.83 (cell line 2 vs. cell line 3). In contrast, 

the Ti condition exhibited lower correlation values of 0.45 (cell line 1 vs. cell line 2), 0.65 (cell line 

1 vs. cell line 3), and 0.39 (cell line 2 vs. cell line 3). These results suggest that while reproducibility 

was moderate in the Ti group, the Ag low group displayed higher consistency among replicates. 

The corresponding scatter plots are shown in Figure 5. 

Taken together, the correlation analysis confirmed that the transcriptomic dataset was highly 

reproducible, while the proteomic dataset showed moderate reproducibility, particularly under Ti. 

Nevertheless, proteomic studies frequently report greater variability compared to transcriptomics, 

and averaging biological replicates is a well-established strategy to minimize noise and improve 

robustness in downstream analyses [79], [80]. Therefore, averaged values across the three 

replicates for each condition were used in subsequent analyses, ensuring comparability between 

transcriptomic and proteomic datasets. 
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Figure 4 Transcriptomic expression correlations between hMSC cell lines under Ag low (top row: A–C) and Ti (bottom row: D–F) 

conditions. Data points are tightly clustered along the diagonal in all comparisons, indicating excellent reproducibility. Confidence 

ellipses and regression lines further illustrate the strong agreement in gene expression profiles, with Pearson correlation values 

ranging from 0.93 to 0.97. 

 

Figure 5 Proteomic expression correlations between hMSC cell lines under Ag low (top row: A–C) and Ti (bottom row: D–F) 

conditions. Each scatter plot shows how closely protein levels align between two cell lines, with a fitted regression line and 

confidence ellipse highlighting the degree of correlation. The Ag low condition shows stronger consistency across replicates, while 

Ti displays more variability. 
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1.5. Distance-based analysis 

Following inlier determination, the datasets were refined to ensure comparability between 

conditions. Since the number of proteins and genes was not evenly distributed, a one-step removal 

of unmatched features was applied to both datasets. This filtering resulted in 76 proteins (Ag low: 

38; Ti: 38) and 6,564 genes (Ag low: 3,282; Ti: 3,282). For each condition, the average expression 

values across the three cell lines were then calculated, reducing replicate variability and producing 

consolidated datasets suitable for subsequent analyses. 

Pairwise distance matrices were generated separately for each condition, quantifying the similarity 

or dissimilarity between every pair of proteins or genes. To avoid redundancy, each matrix was 

transformed into a three-column long format (feature 1, feature 2, distance), and duplicate entries 

(e.g., Gene A_Gene B vs. Gene B_Gene A) as well as self-comparisons (Gene A–Gene A) were 

removed. This filtering resulted in a total of 5,380,840 transcriptomic gene pairs per condition and 

703 proteomic protein pairs per condition. To highlight condition-specific relationships, distance 

ratios (Ag low/Ti) were calculated for each pair and used as the basis for downstream functional 

enrichment analyses. 

4.1.4. Transcriptomic distance matrix analysis 

For transcriptomics, the top and bottom 5% of gene pairs from the distance ratio distribution were 

selected, corresponding to 269,042 gene pairs in each tail (out of 5,380,840 total). These 

represented the most condition-specific increases or decreases in co-expression distances between 

genes under Ag low relative to Ti. 

The genes represented in these extreme pairs were subjected to functional enrichment analysis 

using ToppGene, with Bonferroni correction applied and a significance threshold of p < 0.01. 

Adhesion-related terms were further validated in Ensembl BioMart against the following Gene 

Ontology categories: cell adhesion (GO:0007155), biological adhesion (GO:0022610), cell-

substrate adhesion (GO:0031589), and cell-cell adhesion (GO:0098609). To ensure proper 

visualization of extreme results, enrichment outputs reported as p = 0 were substituted with 1 × 

10⁻³⁰⁰ prior to -log10 transformation. 
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The 20 most significantly enriched biological processes were visualized separately for gene pairs 

with Ag low increased distances and those with Ag low shortened distances (Figure. 6). Both 

profiles were highly similar, dominated by terms related to adhesion and structural organization. 

Processes such as cell adhesion, cell-cell adhesion, cell-substrate adhesion, cell junction 

organization, and junction assembly appeared in both groups at the top of the rankings. Additional 

categories, including cell migration, morphogenesis, and response to wounding, reinforced the 

focus on pathways governing cellular interactions and tissue architecture. 

This similarity reflects the fact that many of the same genes were present in both distance tails. 

Importantly, these overlapping genes likely act as network hubs whose transcriptional relationships 

shift in multiple directions: becoming more tightly co-expressed with some partners while 

loosening their co-expression with others. 

Thus, the enrichment results point not to two distinct biological programs, but to a reorganization 

of a common set of adhesion and structure related genes. Ag low appears to perturb this core 

network bidirectionally, producing both expanded and contracted co-expression distances around 

the same functional modules. 
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Figure 6 Functional enrichment of transcriptomic gene pairs with altered distances in Ag low relative to Ti. 

The bar plot shows the 20 most significantly enriched biological processes (ToppGene, Bonferroni-corrected p < 0.01) among the 

top and bottom 5% of distance ratio gene pairs (Ag low/Ti; 269,042 pairs per group). Blue bars represent pairs with Ag low–

increased distances, and red bars represent pairs with Ag low–shortened distances. Both categories showed strong enrichment for 

adhesion-related processes, including cell adhesion, cell–cell adhesion, and cell-substrate adhesion, suggesting that silver-doped 

zirconia coatings influence pathways central to hMSC adhesion. 
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4.1.5. Proteomic distance ratio analysis and functional enrichment 

To assess protein level differences between Ag low and Ti conditions, pairwise distances were 

computed among all proteins, and the ratio of distances (Ag low/Ti) was calculated for each protein 

pair. A scatter plot of distances under Ag low versus Ti (Figure.7) indicates condition-specific 

reorganization of proteomic relationships. 

 

Figure 7 Scatter plot of proteomic distances under Ti (x-axis) and Ag low (y-axis) conditions. Each point represents a protein pair. 

Pairs deviating from the diagonal highlight condition-specific distance changes. 

For systematic evaluation, log₂-transformed distance ratios were subjected to k-means clustering 

using Orange (v.3.38.1) with k = 5 clusters, random initialization, 10 re-runs, and 300 maximum 

iterations. The resulting clusters (Figure.8) displayed Silhouette values ranging from 0.49 to 0.71 

(average ~0.6), indicating reasonably well-separated groups and confirming that most protein pairs 

were consistently assigned. 



31 
 

 

Figure 8 K-means clustering of log₂-transformed proteomic distance ratios (Ag low/Ti). Five clusters (C1–C5) were identified, with 

an average Silhouette coefficient of ~0.6, indicating moderately well-defined cluster separation. 

While clustering captured global patterns, functional enrichment using STRING software was 

performed separately for increased and decreased distance protein sets to ensure biologically 

interpretable results. Downstream analyses were restricted to protein pairs with at least a two-fold 

change in distance ratios. This filtering step yielded 136 pairs with increased distances (19.3%) and 

152 pairs with decreased distances (21.6%). Proteins from these two sets were then subjected to 

functional enrichment analysis in STRING software (minimum confidence score = 0.7). 

STRING analysis revealed that both increased- and decreased-distance sets converged on highly 

overlapping functional categories (Figure. 9A and 9B). 

Prominent molecular functions included cell adhesion molecule binding, structural molecule 

activity, cytoskeletal protein binding, cadherin binding, and actin binding (Figure. 10A and 10B), 

reflecting the central role of adhesion and cytoskeletal dynamics in the proteomic reorganization 

associated with Ag low implants. These results paralleled the transcriptomic findings, where 

adhesion and migration emerged as dominant biological themes. 
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Figure 9 STRING protein–protein interaction (PPI) network of proteins with (A)increased distance lengths (≥ two-fold Ag low/Ti 

ratio), annotated with enriched molecular functions, (B) decreased distance lengths (≤ 0.5-fold Ag low/Ti ratio), annotated with 

enriched molecular functions.. Edges represent predicted interactions, and nodes are colored according to functional annotation: 

red = cell adhesion molecule binding, blue = cadherin binding, green = actin binding, yellow = cytoskeletal protein binding. 

 

                                        A                                                                                               B 

 

Figure 10 Bubble plots generated in STRING showing molecular functions enriched among protein pairs with increased (10A) and 

decreased (10B) proteomic distances under Ag low conditions. Each bubble represents a functional category, with size indicating 

gene count and color intensity reflecting the false discovery rate (FDR). Both sets converged on highly overlapping biological 

themes, with cell adhesion molecule binding emerging as the top enriched function, followed by cadherin binding, cytoskeletal 

protein binding, and actin binding. These results underscore the central role of adhesion and cytoskeletal dynamics in the cellular 

response to silver-doped zirconia coatings 

 

In summary, by using a distance matrix-based strategy, we were able to look beyond single 

expression changes and instead ask how genes and proteins reorganize their relationships under 
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different material conditions. This approach highlighted that the silver-doped surface did not 

simply switch pathways on or off but rather reshaped the existing interaction network in two 

directions at once: some gene and protein pairs became more tightly connected, while others drifted 

apart. Strikingly, the same biological themes, cell adhesion, cytoskeletal regulation, and structural 

organization, kept resurfacing in both transcriptomic and proteomic analyses, regardless of whether 

distances increased or decreased. This consistency suggests that the central response of hMSCs to 

Ag low is not the activation of entirely new programs, but the reorganization of their structural and 

adhesive machinery. In this way, the distance-based method provided a lens to see the subtle 

rewiring of cellular networks, offering a more nuanced view of how cells sense and adapt to 

zirconia doped with silver coatings. 
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5.Discussion 

This study looked at how hMSCs respond to silver-doped zirconia coatings on titanium surfaces. 

Our goal was to understand how these coatings influence the organization of genes and proteins 

inside the cells. Unlike conventional analyses that focus only on changes in overall expression 

levels, we used a distance-based computational approach to see how relationships between genes 

and proteins reorganize under different surface conditions. Interestingly, while the enriched 

pathways remained largely similar between silver-coated and control surfaces, the internal 

molecular networks were significantly reshaped. Adhesion and cytoskeletal pathways consistently 

emerged as the most affected processes, suggesting that the cells’ main response to silver is not 

turning on new programs but reorganizing existing structural machinery. 

At the transcriptomic level, we analyzed more than 5 million gene pairs. By focusing on the top 

and bottom 5% of distance changes, we uncovered large-scale shifts in how genes interact. 

Functional analysis showed that both increasing and decreasing distance groups involved similar 

processes such as cell adhesion, cell–cell adhesion, and cytoskeletal organization. This suggests 

that silver affects the same set of adhesion-related genes in two directions: some gene pairs become 

more tightly coordinated, while others drift apart. Many genes appeared in both groups, acting as 

hubs that strengthen connections with some partners while weakening others. This bidirectional 

network remodeling gives a more nuanced picture of how cells adjust to surface changes, fine-

tuning their structural programs rather than simply turning them up or down. 

Proteomic data, although smaller, supported these findings. Protein pairs with at least a twofold 

change in distance were enriched for cytoskeletal and adhesion-related functions, such as cadherin 

and actin binding. STRING analysis confirmed that these proteins formed overlapping functional 

modules, echoing the transcriptomic results. Reproducibility was higher in transcriptomics than 

proteomics, consistent with the higher variability often seen in proteomic datasets. Yet, the shared 

themes across both layers strengthen confidence that silver coatings reorganize cellular adhesion 

machinery rather than simply switching it on or off. 

Our findings align with previous work by Ferraris et al. [65] who showed that zirconia doped 

with silver coatings reduce adhesion in hMSCs without being toxic. They reported down-

regulation of cadherin- and integrin-related genes and decreased protein levels of Talin (TLN) 
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and Ras homolog family member A (RhoA). Our study extends this by showing that silver does 

not simply decrease expression; it reorganizes adhesion and cytoskeletal networks, with genes 

sometimes playing dual roles depending on their interaction partners. This highlights how 

distance-based network analysis can reveal subtleties that traditional fold-change methods may 

miss. 

Silver is well known for its antimicrobial properties; it can damage bacterial membranes, block 

protein synthesis, disrupt DNA replication, and generate oxidative stress [16]. However, its effects 

on mammalian cells are less studied. Our results suggest that silver also reshapes how cells interact 

with surfaces, particularly by reorganizing adhesion and cytoskeletal pathways. This dual effect 

may be particularly useful for temporary implants: it can prevent bacterial colonization while 

controlling cell adhesion to avoid complications during device removal. 

From a methodological standpoint, distance matrices offered new insights. Instead of looking at 

gene or protein changes individually, we measured shifts in their pairwise relationships, capturing 

network-level reorganizations. Similar approaches have been applied elsewhere [81] used distance 

matrices to reveal relationships in microbiome data, and [82]. applied them to adjust batch effects 

in RNA-seq. While those studies focused on different systems, they show that distance-based 

analyses can uncover hidden structure that standard methods might miss. Our work adapts this idea 

to biomaterials, showing how gene and protein networks reorganize in response to surface 

modifications. 

Biologically, adhesion and cytoskeletal remodeling appear central to how hMSCs sense and 

respond to silver-doped surfaces. Genes that appear in both increased- and decreased-distance 

groups likely act as network hubs, adjusting their roles depending on context. This dynamic 

rewiring allows cells to fine-tune adhesion, balancing attachment and flexibility crucial for 

temporary implants, where too little adhesion could destabilize the device, and too much could 

make removal difficult. Silver coatings seem to guide cells toward this adaptive balance. 

There are some limitations to note. The transcriptomic dataset is very large, and analyzing millions 

of gene pairs increases the risk of spurious associations. Enrichment analyses did not weight the 

magnitude of distance changes, so large shifts may be treated the same as minor ones. The overlap 

of genes between increased- and decreased-distance groups makes interpretation more complex, 

and the proteomic dataset, though supportive, was smaller and more variable. Future studies could 
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improve methods to account for direction and magnitude simultaneously and expand proteomic 

coverage. 

Despite these limitations, the convergence of transcriptomic and proteomic findings, along with 

previous experimental results, suggests that our conclusions are robust. Adhesion and cytoskeletal 

pathways consistently emerge as key responses of hMSCs to silver-coated surfaces. Future work 

could include experimental validation through adhesion and migration assays, as well as adding 

single-cell transcriptomics or other omics layers like metabolomics to explore cellular 

heterogeneity. 

In summary, silver-doped zirconia coatings reshape molecular networks in hMSCs, particularly 

within adhesion and cytoskeletal pathways. Distance-matrix analysis allowed us to detect subtle 

but meaningful reorganizations beyond simple expression changes. These findings confirm and 

extend previous studies, showing that silver modulates cell–material interactions in a dynamic and 

adaptive way. This understanding could guide the design of temporary implants that balance 

antimicrobial activity with controlled cellular responses. 
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6.Conclusion  

This thesis investigated how hMSCs respond to zirconia doped with silver coatings on titanium, 

with a focus on their application in temporary fixation devices. A distance-based computational 

analysis of transcriptomic and proteomic data showed that silver reorganizes interactions within 

molecular networks. Adhesion and cytoskeletal processes were consistently the most affected 

pathways, indicating that silver directly impacts how cells attach and respond to modified surfaces. 

The study makes two key contributions: first, it confirms that silver acts as both a well-known 

antimicrobial agent and a modulator of mammalian cell behavior by reshaping adhesion-related 

pathways. Second, it highlights the value of distance-matrix analysis as a helpful method alongside 

traditional fold-change techniques, revealing subtle yet important changes in cellular networks. 

Although the proteomic dataset was relatively small and enrichment tools did not fully account for 

the significance of distance changes, the consistent results across both omics layers, along with 

alignment with previous research, support the reliability of these findings. Moving forward, future 

research should work to increase proteomic coverage, improve computational methods to include 

the size and direction of distance changes, and validate predictions through functional tests like 

adhesion and migration assays. Applying this framework to single-cell datasets or adding more 

omics layers would deepen our understanding of how biomaterials affect cellular responses. In 

conclusion, this thesis confidently shows that silver-doped zirconia coatings reorganize stem cell 

molecular networks in ways that support their use in temporary fixation devices. By combining 

biological insights with a new computational method, it lays a strong foundation for future studies 

focused on designing implant surfaces that balance antimicrobial protection with positive host 

responses. 
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