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Summary 

Cartilage defects are estimated to occur in 10-12% of the general population, are caused by 

injury, can be painful if left untreated, and may lead to degenerative joint diseases (1,2). 

Currently available treatments include microfracture, mosaicplasty, autologous chondrocyte 

implantation (ACI), matrix-assisted ACI (MACI), and Spherox. However, long-term 

predictable and durable results have not been proven (3–5). 

Nasal chondrocytes have been investigated as an alternative to articular chondrocytes for 

engineering cartilage grafts due to their ability to produce high quality engineered tissues and 

reduced harm to patients’ knees (6–8). The safety and feasibility of autologous nasal 

chondrocyte-derived engineered cartilage for the treatment of focal traumatic lesions in the knee 

has been demonstrated in a phase I clinical trial (9). A phase II clinical trial is ongoing to 

investigate the efficacy of this novel approach (https://biochip-h2020.eu/). Briefly, autologous 

nasal chondrocytes are expanded in vitro before seeding onto a collagen I/III scaffold and 

cultured in chondrogenic conditions to produce a mature, hyaline-like cartilage graft that is  

then implanted into the knee cartilage defect of the patient. A key part of the clinical trial 

research activities includes the development of advanced characterization assays (Table 1). 

Table 1: List of the work packages to be performed for the phase II clinical trial, BIO-CHIP. 

Work 

package 

Title 

1 Production of cartilage grafts and cell expansion 

2 Multicenter clinical trial phase II 

3 Development of advanced characterization assays 

4 Animal study for further clinical indications 

5 Regulatory compliance for the investigational medicinal product and clinical trial 

6 Preparation for future commercialization 

7 Project management 

 

The quality of the tissue engineered products must be ensured with characterization assays that 

are developed according to the properties of the specific medicinal product. Regulators in 

Europe have laid out guidelines for the quality controls that should be in place for advanced 

therapy medicinal products (10). A complete portrait of the tissue engineered therapy includes 

the characterization of the starting materials, i.e., nasal septal biopsy and the cells within. 

Therefore, identity and purity assays must be developed to identify the cells and purity of the 

cell population. Potency assays must also be developed for tissue engineered therapies that are 

based on their hypothesized mode of action, i.e., the filling of cartilage defects with mature 

cartilaginous cells and matrix. 

First, perichondrial cells were identified as the possibly contaminating cells obtained when 

harvesting nasal septal tissue (Chapter 2: Gene expression biomarkers). Increasing amounts of 

perichondrial cells were found to have a negative impact on tissue engineered cartilage.  
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For the development of identity and purity assays, gene expression panels as well as Raman 

spectroscopy were investigated in this thesis. The developed gene expression panels could 

differentiate between nasal chondrocytes and perichondrial cells (Chapter 2: Gene expression 

biomarkers). A novel application of Raman spectroscopy to distinguish the native nasal 

cartilage and perichondrium was proposed and could distinguish between the two tissue types 

(Chapter 3: Raman spectroscopy quality controls). 

For the development of potency assays, the following methods were investigated: gene 

expression panels, Raman spectroscopy, and the automated scoring of histological engineered 

cartilage images. The potency assays assessed the quality of mature engineered cartilage based 

on their production of cartilage matrix and cartilaginous cell morphology, measured 

biochemically and via histological scoring. The expression of genes by expanded cells could be 

used to predict the maturity of the final engineered cartilage (Chapter 2: Gene expression 

biomarkers). Raman spectroscopy could be used to develop a nondestructive potency assay for 

clinically relevant tissue engineered cartilage (Chapter 3: Raman spectroscopy quality 

controls). The automated grading of histological images for a potency assay was implemented 

using deep learning (Chapter 4: Grading histological images). 

Prospectively, more data should be collected about the tissue engineered products to confidently 

validate and improve the quality controls developed in this thesis. As an investigational 

medicinal product, quality control development is still ongoing. Crucially, when the two- and 

five-year follow-up results from the patients become available from the ongoing phase II 

clinical trial, the hypothesized mode of action must be verified and the developed potency 

assays must be reevaluated to search for features of the tissue engineered products that correlate 

with good clinical outcome.  
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Chapter 1: Introduction 

An overview of the state-of-the-art engineering principles and technologies used for the 

development of quality controls as well as the medical and biological background about nasal-

chondrocyte derived tissue engineered cartilage for cartilage defect repair is provided in the 

introduction. 

Cartilage defect repair 

In this section, cartilage defects and their treatment options are described along with 

background information about cartilage that is relevant for the development of new defect 

treatments. 

Types of cartilage 

Cartilage is the strong, yet flexible tissue found in the human nose, ears, and covering the 

surfaces of the bones at the articulations such as the knee, fingers, and vertebrae (Figure 1). It 

is a connective tissue that supports and protects the body. Cartilage can absorb large, 

compressive forces. It is flexible, able to withstand deformation and return to its original shape. 

In the joints, cartilage is smooth and provides lubrication, allowing bones to slide across each 

other without damaging them. Cartilage is an avascular tissue; waste products are removed and 

nutrients brought to cells mainly by diffusion and is aided by fluid flow during compression. 

(12) 

Three types of cartilage exist: elastic, hyaline, and fibrocartilage. Elastic cartilage is found in 

the ear and contains the protein elastin. Hyaline cartilage is strong, contains highly organized 

extracellular matrix (ECM), and is found in articular joints (knee, ankle, hip, etc.) and in non-

articular structures such as the nose. Fibrocartilage is the type of tough cartilage found in 

intervertebral discs, for example (11). 
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Figure 1: Types of cartilage and their locations (13). 

Composition of hyaline cartilage 

Chondrocytes 

The only cell type found in cartilage is the chondrocyte. They are sparse and make up only 1% 

of adult knee cartilage tissue. Chondrocytes do not proliferate in adult cartilage, but do produce 

ECM proteins. They are found in lacunae, not in contact with other cells (14). 

Matrix 

Cartilage is composed of collagen fibers, primarily type II, accounting for 15-22% of the wet 

weight of cartilage. Collagen I is found on the surface of knee cartilage. Collagen X is mainly 

found in the deep zone of the tissue and it is thought to play an important role in mineralization. 

Small amounts of collagen VI, IX and XI are also present. The pericellular matrix, which 

surrounds each chondrocyte, includes collagen VI and plays a role in the mechanical properties 

of the cell (15). Collagen IX aids the linking of collagen II with other matrix components. (16) 

A proteoglycan-rich matrix also characterizes cartilage, making up 10-15% of cartilage. The 

main type of proteoglycan found in cartilage is aggrecan, a glycosaminoglycan (GAG)-rich 

protein. Proteoglycans have a core protein from which polysaccharide brushes, mainly GAGs, 

extend perpendicularly (17). Negatively charged proteoglycans attract cations and allow the 

tissue to be highly hydrated (14); knee cartilage consists of 75-80% water by weight. The 

expansive hydrophobic pressure is contained by organized type two collagen fibers. This 

hydration allows compressive forces to dissipate, while the tensile strength of the collagen 

fibers maintain the structure and shape of the tissue. 
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Other components of articular cartilage include hyaluronan and proteoglycan link protein 

(HAPLN1); smaller proteoglycans such as versican, biglycan, decorin, and perlican; 

fibromodulin; thrombospondin; and cartilage oligomeric matrix protein (COMP) (18). 

Structure 

A pericellular matrix surrounds chondrocytes of the middle and deep layers, together called a 

chondron. Chondrocytes in the deeper layers are each additionally surrounded by a territorial 

matrix and an interterritorial matrix, also called the extracellular matrix (19).  

Articular cartilage in the knee is characterized by several different zones. The superficial zone 

contains disc shaped chondrocytes and collagen fibers parallel to the surface. The middle zone 

contains spherical chondrocytes and arcade-like oriented collagen fibers. The deep zone 

contains columns of spherical chondrocytes and collagen fibers directed perpendicular to the 

surface. The tidemark is found before the calcified cartilage layer (Figure 2). (20) 

 
Figure 2: Organization of cells and matrix in articular cartilage in the knee (21). 

Cartilage defects 

Cartilage defects have been found in 63% of people undergoing knee arthroscopy, 5% of whom 

are less than 40 years of age (2). Thus, it is estimated that cartilage defects occur in 10-12% of 

the general population (1). Cartilage defects may occur in the hyaline cartilage found in the 

knee due to injury, malalignment, joint instability, and other factors (22).  

Large cartilage defects in adults do not heal. Cartilage defects can lead to pain, further 

deterioration of the joint, diseases such as osteoarthritis, and eventually loss of joint function. 

Smaller defects can be repaired, however, poorly organized fibrocartilaginous tissue (rich in 

type I collagen and proteoglycans other than aggrecan) is formed rather than the more 

structurally organized tissue found in the original hyaline cartilage. The mechanical instability 

of this fibrocartilage can lead to further joint deterioration (23). Cartilage defects can be 

classified as partial thickness, full thickness, and osteochondral defects (Figure 3). 
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Figure 3: Cartilage defects can be classified using the Outerbridge classification system (24), cartilage lesions are classified as 

Grade 0 (normal cartilage), Grade II (partial thickness defect), Grade III (full thickness defect), and Grade IV (osteochondral 

defect). Image adapted from Deng et al. (25). 

Treatment options 

Various treatment options are currently available and summarized here. However, none of these 

treatments produce predictable and durable results, long term (3–5). 

Arthroscopic lavage and debridement 

Arthroscopic lavage is performed to rinse a cartilage defect, removing inflammatory factors 

and loose debris (26), while debridement is performed to remove loose flaps or edges (27). 

Microfracture 

Small articular cartilage defects in younger patients can be treated with microfracture. The 

orthopedic surgeon drills down through the cartilage defect to the subchondral bone, allowing 

bone marrow to flow to the avascular cartilage region. Bone marrow contains mesenchymal 

stromal cells, multi-potent progenitor cells that have the ability to differentiate into 

chondrocytes. Short-term results for small defects, especially in young patients, have been 

reported, however, long-term results report failure and the development of osteoarthritis (28). 

Autologous matrix induced chondrogenesis (AMIC) treatment also involves microfracture, and 

then the defect is covered with a collagen membrane such as Chondro-Gide (29). 

Mosaicplasty 

Mosaicplasty can be performed for smaller defects. Relatively healthy, autologous plugs of 

cartilage from other parts of the knee can be transplanted to the defect site. Due to donor-site 

morbidity, only a limited amount of tissue is available for such a treatment (30). Outcomes may 

be better than with microfracture (5), however, recurrence of symptoms and treatment failure 

have been reported in a 10-year follow up study (31). 

Knee replacement 

Once loss of function has occurred in elderly patients, a partial or total knee replacement surgery 

can be performed with a metal prosthesis. The return of function and safety of this treatment 
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makes it a suitable option for elderly patients. However, for younger patients, the implants will 

eventually degrade and involve complications necessitating a replacement, resulting in even 

more damage to the healthy parts of the knee. 

Cell therapies 

The general procedure for cellular therapies involves harvesting cells from an autologous 

source, such as chondrocytes from articular, ear, or rib cartilage, or MSCs from bone-marrow, 

adipose tissue, or umbilical cord blood (32). Articular chondrocyte implantation (ACI) has long 

been investigated (33), with clinical results first reported in 1994, which involved taking 

autologous articular chondrocytes from a non-weight bearing part of the knee, expanding the 

cells in culture for 2-3 weeks, and reinjecting the cells at the defect site (34). Second generation 

cell therapies cover the injected chondrocytes with a collagen membrane, rather than 

periosteum, in matrix-assisted ACI (MACI) in 1998 (35). 

For ACI and MACI, articular chondrocytes are isolated by enzymatic digestion of the cartilage 

biopsy, for example with type II collagenase (36), and expanded in monolayer in plastic culture 

dishes. During this 2D expansion phase, cell morphology becomes elongated and fibroblastic 

and the ability to express collagen type II and aggrecan is lost, and instead, collagen type I and 

versican expression increases during a process called dedifferentiation (37,38). 

Tissue engineering 

Tissue engineering aims to develop biological products to restore, maintain, or improve tissue 

function, and holds promise for overcoming the drawbacks associated with the currently 

available treatments for cartilage lesions (39). The injection of a cell suspension can suffer from 

injection-site cell leakage, clearance of cells, mechanical insult during delivery, inadequate 

extracellular matrix cues at the site of transplantation, and cell death (40). Tissue engineered 

therapies can potentially overcome these issues related to injecting single-cell suspensions by 

providing a 3D environment for the implanted cells to remain inside, be supported by, and 

receive biological cues from. 

The general procedure for tissue engineering cartilage involves obtaining cells (as described in 

Cell therapies). Cells are generally expanded until passage two or three and then cultured in 3D 

to induce chondrogenic differentiation in vitro. The expanded chondrocytes are seeded onto 

scaffolds, incorporated into hydrogels, or cultured in scaffold-free conditions such as micro-

mass pellets or cell sheets (41). Finally, the generated graft is implanted into the patient (Figure 

4). 
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Figure 4: The tissue engineering paradigm (42). 

Additional technologies such as bioreactor culture, 3D printing, and growth-factor 

incorporation have been studied (43). The scaffold and gel biomaterials investigated range from 

decellularized cartilage matrix to fully synthetic hydrogels. (44) 

Redifferentiation of chondrocytes into engineered cartilage requires the addition of 

chondrogenic factors, which can vary from experiment to experiment. The main work of this 

thesis was conducted with the factors summarized in Table 2. Tissue engineering cartilage 

requires a 3D environment and high cell densities for chondrogenesis to occur; these cell-cell 

interactions mimic pre-cartilage condensation during embryonic development (45). 
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Table 2: Factors for cell expansion and the induction of chondrogenesis in scaffold-based tissue engineered cartilage. 

 

Nasal chondrocytes for cartilage repair 

Other than chondrocytes from the knee, researchers have also investigated the use of nose, ear, 

and rib chondrocytes for cell and tissue engineered therapies (50). Ear and nose cartilage are 

easier to obtain than from the knee or rib, and their removal does not unnecessarily harm the 

patient (6).  

During development, chondrocytes in the skeletal system arise from the mesoderm germ layer, 

which appears between the endoderm and ectoderm germ layers. On the other hand, neural crest 

cells are a specialized group of cells that derive from the ectoderm. Neural crest cells further 

differentiate into craniofacial cartilage and bone cells, neurons, melanocytes, and other diverse 

cell types. It has been shown that neural-crest derived cells, including nasal chondrocytes, have 

a gene expression profile associated with enhanced capacity for tissue regeneration.  

Tissue engineered cartilage from nasal chondrocytes has been shown to be able to withstand 

knee-like biomechanical forces (7). Moreover, nasal chondrocytes can reprogram their gene 

expression to match the profiles found in knee cartilage (8). 

Culture stage Factor Description 

Expansion Transforming 

growth factor beta 

(TGF-β) 

A key cartilage-inducing factor promoting 

chondrogenesis. Induces the expression of SOX9, the 

master regulator of chondrogenesis, as well as SOX5 

and SOX6; thus, supporting the expression of aggrecan 

and collagen II. (46) 

Fibroblast growth 

factor (FGF) 

Increases the proliferation rate of cells and 

proteoglycan production. (46) 

Expansion and 

chondrogenesis 

Serum Human serum contains platelet-derived growth factor 

(GF), which regulates proliferation and matrix 

formation. Contains TGF-β. Contains basic fibroblast 

GF and epidermal GF, which regulate proliferation. 

(47) 

Glucose Major energy source. Promotes chondrogenic 

differentiation and inhibits apoptosis. (46) 

Glutamine The second metabolic regulator after glucose. Sustains 

GAG and protein synthesis. (48) 

Sodium pyruvate Energy source. Enhancer of the energy metabolism 

related to the Krebs cycle. (46) 

Nonessential 

amino acids 

Supports proliferation. (49) 

Chondrogenesis Insulin Primary factor involved in the onset and progression of 

chondrogenesis. Facilitates glucose uptake. Stimulates 

collagen and DNA synthesis. (46) 

Ascorbic acid Aids in stabilizing the triple helical structure of 

collagen. (46) 
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The safety and feasibility of autologous nasal chondrocyte-derived engineered cartilage for the 

treatment of focal traumatic lesions in the knee has been demonstrated in a phase I clinical trial 

(9). A phase II clinical trial is ongoing to investigate the efficacy of this novel therapy 

(https://biochip-h2020.eu/). Briefly, autologous nasal chondrocytes are expanded in vitro before 

seeding onto a collagen I/III scaffold and cultured in chondrogenic conditions to produce a 

mature, hyaline-like cartilage graft that is then implanted into the knee cartilage defect of the 

patient. 

Nasal chondrocytes used for tissue engineering applications derive mainly from the nasal 

septum (51); see Figure 5. Like articular cartilage, nasal septal cartilage is classified as hyaline 

cartilage, although the structure differs substantially. Nasal cartilage does not have the same 

zonal architecture as articular cartilage (see section: Structure). Nasal cartilage is composed of 

the same cartilage components (see section: Matrix), however, not being exposed to loading, 

the structural organization is simpler. Nasal cartilage is surrounded by a connective tissue called 

the mucoperichondrium, which contains four layers: mucosa, basal layer, lamina propria, and 

perichondrium (52). Mucoperichondrium provides nutrients to the septal cartilage and is found 

at the tissue-air interface in the nasal cavity. 

 
Figure 5: Nasal cartilage structure (A) seen from several angles with the skin removed. (B) The cross-sectional structure of 

septum, upper lateral cartilage (ULC), and lower lateral cartilage (LLC). Image adapted from Laverina et al. (51).  

Quality controls for tissue engineered products 

This section gives an overview of the regulatory authorities and their requirements for quality 

controls for tissue engineered products. 

Regulatory requirements 

Swissmedic 

The national authority in Switzerland is Swissmedic (53). Although Switzerland is not part of 

the EU, the EU and Switzerland have signed a mutual recognition agreement on good 

manufacturing practice (GMP). This allows EU authorities and their Swiss counterparts to rely 

on each other's GMP inspections of manufacturers in their respective territories, waive batch 

testing of products on entry into their territories, and share information on inspections and 

quality defects, for the aim of reducing inspection costs and harmonizing standards (54). 
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Advanced therapy medicinal products 

The European Medicines Agency (EMA) was established in 1995 to centralize the regulation 

of medicinal products across more than 40 national regulatory authorities in the European 

Economic Area (EEA). In 2008, regulations requiring tissue engineered product registration 

and clinical proof of efficacy were introduced with Regulation 1394/2007 amending Directive 

2001/83/EC on Advanced Therapy Medicinal Products (ATMPs) (55,56). Tissue engineered 

therapy is one of four subclasses of ATMPs, which also distinguishes between gene therapy, 

somatic cell therapy, and combined advanced therapy (57). Whereas the US Federal Drug 

Administration (FDA) divides these therapies into two broader subgroups, i.e., gene therapy 

and cellular therapy (58). In this thesis we focus solely on the EMA guidelines. 

Market authorization 

The European Commission (EC) regulates medicines to ensure they meet standards of quality 

and safety and is working towards harmonizing requirements across the EEA. When a therapy 

gains market authorization (MA), it is allowed to be sold within and outside of the European 

Union (EU). After receiving MA, medicinal products are monitored by the pharmacovigilance 

process for the prevention, detection, and assessment of adverse reactions to medicines (59). 

Two cell therapies have gained MA in the EU to treat cartilage defects (60,61), though they 

have since lost their MA due to commercial reasons (62,63). Recently, the first tissue 

engineering therapy has been approved (64). Other treatment options without MA are approved 

in individual EU countries (65). Further cell therapy products are available outside the EU 

(66,67), summarized in Table 3. 
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Table 3: Approved cell and tissue engineered therapies for cartilage repair. 

Product Type Description Status 

Carticel Cell therapy ACI Phased out from the US 

MACI Cell therapy MACI Approved in the US, 

withdrawn from the EU 

Spherox Tissue 

engineered 

therapy 

Tissue engineered articular 

chondrocyte spheres 

EU market authorization 

NOVOCART 

Inject 

Cell therapy Inject articular 

chondrocytes in a hydrogel 

Hospital exemption in 

Germany 

NOVOCART 

3D 

Cell therapy MACI Hospital exemption in 

Germany 

BioSeed-C Cell therapy MACI Hospital exemption in 

Germany 

Chondron Cell therapy MACI Approved in Korea 

Cartistem Cell therapy Allogeneic umbilical cord 

blood-derived MSC drug 

Approved in Korea 

Invossa Cell therapy TGF-β-expressing 

allogeneic chondrocytes 

Authorization revoked in 

Korea 

JACC Cell therapy MACI Approved in Japan 

 

Hospital exemption 

Eight ATMPs currently have MA, while at least 32 additional ATMPs are available in EU states 

via hospital exemption, many of which are for the treatment of cartilage defects and utilize 

autologous articular chondrocytes. Regulation 2001/83/EC includes this hospital exemption for 

products not intended to be marketed. The products must be prepared on a non-routine basis in 

a non-industrial manner and used as a custom made product for individual patients (55). 

Switzerland does not have hospital exemption for such products. 

Good manufacturing practice 

Good manufacturing practice (GMP) guidelines in the EU have been laid down to assess 

applications for manufacturing authorizations and as a basis for inspection of manufacturers of 

medicinal products (10). Part I, Chapter 6: Quality Control, lays out guidelines for sampling, 

specifications, and testing as well as the organization, documentation, and release procedures, 

which ensure that the necessary and relevant tests are carried out, and that materials are not 

released for use, nor products released for sale or supply, until their quality has been judged to 

be satisfactory.  

The holder of the manufacturing authorization should establish, validate, and implement all 

quality control procedures, oversee the control of the reference and/or retention samples of 

materials and products, ensure correct material and product labelling, ensure the monitoring of 

the stability of the products, participate in the investigation of complaints related to the quality 

of the product, etc.  
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Good quality control laboratory practice (GQCLP) states that laboratory premises and 

equipment should meet the general and specific requirements for quality control areas. This 

includes the clean room and instruments used to manufacture the grafts such as refrigerators, 

incubators, laminar flow hoods, and analysis equipment such as a Raman spectrometer, if 

required for manufacturing. 

Sterility and viability tests 

To meet acceptance criteria, the tissue engineered cartilage produced must be tested for 

microbiological impurities, endotoxins, and mycoplasma. Freedom from microbiological 

impurities must be shown, e.g., using BACT-Alert. The product must be negative for 

endotoxins, e.g., using the turbidimetric-kinetic method or chromogen-kinetic test method. 

Mycoplasma negativity must be shown via PCR. The sterility of the clean room where the 

products are manufactured must be ensured according to GMP guidelines. 

The products must also contain at least 70% viable cells to pass a viability assay. Cell viability 

can be assessed with the examination of cell morphology on hematoxylin and eosin stained 

histological sections by a pathologist (68) or measured with biochemical assays (69). 

Identity and purity assays 

To meet GMP requirements, the identity and purity of the starting materials of the tissue 

engineered cartilage must be ensured (10). Important definitions of identity of cellular 

components and cell purity are given by the EMA guidelines (70): 

Identity. The identity of the cellular components, depending on the cell population and origin, 

should be characterized in terms of phenotypic and/or genotypic profiles 

Cell purity. The cellular population of interest could contain other cells that are of different 

lineages and/or differentiation stage or that may be unrelated to the intended population. Where 

a specific cell type is required for the indication, the unwanted cells should be defined and their 

amount in the final product should be controlled by appropriate specifications, i.e. acceptance 

criteria for the amounts of contaminating cells should be set. 

Characterizing the starting cell populations is key to ensuring the standardization of cellular 

and engineered products (67,71). This prompts for the development of identity and purity assays 

(72), which can be based on various characteristics of the cells, such as gene or protein 

expression.  

Gene expression markers have been proposed for articular cartilage cell identity and purity 

assays (73–76). Raman spectroscopy has been proposed for cell identity assays for cellular 

therapies (77). 

Potency assays 

Engineered products treat diseases or damage through repairing, replacing, or regenerating 

tissues or organs (57). Potency assays must be developed based on the intended mode of action 

of the tissue engineered product (70), which is ideally correlated to the efficacy, leading to 
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consistent quality of the tissue engineered product and good clinical outcome (74). The official 

guidelines define potency as such (70): 

Potency. Potency is the quantitative measure of biological activity based on the attribute of the 

product, which is linked to the relevant biological properties. The assay demonstrating the 

biological activity should be based on the intended biological effect which should ideally be 

related to the clinical response. 

The hypothesized mode of action of a tissue engineered cartilage is the filling of cartilage 

defects with chondrocyte-lade, hyaline-like tissue. A better long-term outcome may be expected 

when the cells deposit cartilage matrix and have improved biomechanical properties (44), 

therefore a mature engineered graft is hypothesized to result in a better clinical outcome. 

Gene expression markers have been investigated for human articular chondrocytes (76,78,79), 

but not for cells from the nasal septum. Likewise, expression of collagen II, aggrecan, and CD44 

proteins have been investigated for articular, but not nasal, chondrocytes (80). Raman 

spectroscopy has been proposed for cell therapy potency assays (77). Qualitative assessment of 

chondrogenic cell morphology has been investigated for correlation to good clinical outcome 

for articular chondrocyte therapy (81). 

The development of potency assays and quality controls in general is a challenge for 

manufacturers and regulators (82). Autologous and allogenic cell populations may contain 

several cell types, their mode of action may have multiple and unknown effector functions, and 

the in vivo fate of the products to migrate or mature all add to the complexity of potency assay 

development (83). Furthermore, the potency assay should correlate to a good clinical outcome 

for the patient, for which data will take many more years to compile; therefore, regulators have 

agreed to allow manufacturers to continue to collect data and develop more quantitative potency 

assays post marketing (79). 

Tools for developing quality controls 

An overview of the technical tools used in this thesis is provided in this section. 

Real-time RT-PCR 

Principle 

Reverse transcription polymerase chain reaction (RT-PCR) is a method of reverse transcribing 

RNA into DNA (complementary DNA) and amplifying specific sequence targets. Specific 

sequences to be amplified are targeted with primers, short pieces of single-stranded DNA that 

are complementary to the beginning and end of the target sequence. DNA polymerase reads 

and copies the nucleotides that follow the first primer, until the second primer. After DNA is 

synthesized with DNA polymerase, the DNA copies must be heated to 95℃ so that the double 

stands separate and can by copied again as a chain reaction, depicted in Figure 6. In real-time 

RT-PCR, the amplification reaction is measured in real-time using fluorescence. (84) 
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Figure 6: PCR components and process. (1) The first step denatures double-stranded DNA and yields single-stranded DNA. 

(2) The annealing step allows the primers to bind to the separated strands of DNA. DNA polymerase binds to the hybridization 

sites of the primer and template to initiate DNA amplifications. (3) The extension step doubles the amount of DNA. Repetitions 

of steps 1-3 lead to exponential amplification of the amount of DNA fragments. (85) 

History 

Modern gene expression analysis via PCR, now a cornerstone of biological research, was 

developed in the mid-1980s. Site-specific single-stranded DNA primers could already be 

synthesized at the time and amplified with DNA polymerase from E. coli, when Kary Mullis of 

Cetus Corporation in California developed the concept of using two primers, complementary 

to opposite strands of the DNA, to specifically amplify the region between them. Further 

developments from researchers at Cetus and the discovery of DNA polymerase from the 

bacterium Thermophilus aquaticus, which was isolated from hot springs where it survived at 

high temperatures without inactivation, DNA polymerization could begin to be performed at 

higher temperatures. This resulted in more accurate amplification thanks to more specific 

primer binding. Moreover, when DNA thermocyclers were invented to automate the DNA 

amplification cycling, the technology could be more easily and widely used by scientists. 

(86,87)  

Raman spectroscopy 

Principle 

A sample is excited by a monochromatic laser beam. The inelastic scattering of light causes the 

presence of Raman bands at lower (Stokes) or higher (anti-Stokes) energies than the exciting 

laser. Raman photons differ from the exciting laser band by discrete amounts of energy (Raman 

shifts), corresponding to the characteristic vibrational energies of the compounds in the sample 

(Figure 7). Since the vibrational frequencies are related to specific chemical bonds, the Raman 
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spectra of biological matter provide clear information on the chemical composition of the 

sample. (88) 

 
Figure 7: Diagram of Rayleigh and Raman (Stokes and anti-Stokes) scattering. Most molecules at room temperature are at the 

lowest energy vibrational state m. Virtual energy states are created by the laser when it polarizes a molecule. Scattering from 

an excited state n to the ground state m is called anti-Stokes scattering (89). 

History 

The elastic scattering of light was first described in 1871 by Lord Rayleigh, who first attributed 

the blue color of the sea to the reflection of the sky. The Indian physicist, C.V. Raman, went on 

to discover photons scattering from the sea also included inelastically scattered photons, termed 

Raman scattering in 1928 (90,91).  

The invention of lasers, fiber optics, and charge coupled devices has helped Raman 

spectroscopy to be increasingly applied to a myriad of fields, including geology, art history, 

forensic analysis, drug analysis, food production, and product authentication (90). Henry 

Mantsch, a self-purported dinosaur of vibrational spectroscopy, identified the single most 

important development in biomedical vibrational spectroscopy in the 21st century as the 

emergence of bioinformatics as an equal partner to the disciplines of vibrational spectroscopy 

and medicine (92). Thus, in the last few decades, Raman spectroscopy has increasingly been 

applied for the analysis of complex biological samples. 

Vibrational spectroscopy 

Vibrational spectroscopies include infrared (IR), near-IR, and Raman spectroscopy. IR is 

complementary to Raman spectroscopy, both measure vibrational modes of molecules. 

However, IR spectroscopy is active for anti-symmetric vibrations that alter the dipole moment 

of molecules. Whereas Raman spectroscopy is active for symmetric vibrations that alter the 

polarizability of molecules. Because water absorbs energy, IR spectroscopy is not well suited 

for analyzing biological materials, unlike Raman spectroscopy, where water does not interfere 

with the signal. A triatomic molecule has three modes of vibration; the three characteristic 

vibrational modes of water and CO2 are depicted in Figure 8. (89) 
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Figure 8: Molecular vibrational modes (89). 

A drawback of Raman spectroscopy is that the signal is rather weak (93), therefore some 

technologies have been developed that leverage the principle of Raman scattering. These 

include surface enhanced Raman spectroscopy (SERS), spatially offset Raman scattering 

(SORS) and non-linear optical microscopy techniques such as coherent anti-Stokes Raman 

scattering (CARS), and stimulated Raman scattering (SRS) (94). 

Analysis of biological samples 

The increasing analysis of biological samples with Raman spectroscopy has allowed 

researchers to begin compiling databases that identify characteristic peak frequencies, 

supporting the biological interpretation of the spectra (95).  

The identification of various cell types has recently been investigated, including cancer cell 

lines (96,97), bacteria (98), and stem cell lines (99). Raman spectroscopy has been used to 

assess the state of differentiation of human embryonic stem cells (100,101). The detection of 

tissue pathologies and cancerous tissues have been studied (102–104). 

In the field of cartilage research, cartilage and its components (105,106), cartilage damage 

(107), the diagnosis of osteoarthritis (108), and bovine-derived engineered cartilage (109) have 

been investigated.  

Machine learning 

The first known use of the term artificial intelligence (AI), a branch of computer science dealing 

with the simulation of intelligent behavior in computers, was in 1955, coinciding with the 

invention of the computer (110). Thus, AI is a broad term that includes the subfield of machine 

learning, which in turn is a wide area of research seeking to make inferences about data and 

includes statistical and deep learning. An introduction to these methods is given in this section. 

Principle 

Computer-aided AI in the 20th century was based on decision rules curated by humans and 

helped medical advancements in the interpretation of echocardiograms, disease diagnosis, and 
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treatment selection (111). Machine learning has altered this rigid paradigm of AI. Researchers 

now provide large amounts of labeled datasets to supervised machine learning models and train 

them to be able to correctly identify unseen cases, i.e., test data. Unsupervised machine learning 

is used to find patterns in unlabeled data, find clusters, identify outliers, or for dimension 

reduction (111). Machine learning models can find previously unrecognized patterns, account 

for complex interactions within the data, and can be created with the computing capabilities we 

have today. Thus, machine learning has become the preferred method for developing AI tools. 

A rapidly increasing area of research, machine learning to gain insights in medicine is seeking 

to overcome challenges in the validation of models, collecting accurately labeled datasets, 

incorporating different types of information, and explaining how models reach their 

conclusions (110). 

Biological data can be studied for inference or prediction. Inference find relationships in the 

data or tests hypotheses. Prediction forecasts future observations (112). When developing a 

model to make predictions, the dataset is commonly divided into three parts: training, 

validation, and testing datasets (Table 4). The training dataset is used to build an initial model, 

and its parameters are fine-tuned using a validation dataset; many cycles of using the validation 

dataset on variously tuned models is called training the model. Once a model has be determined, 

the final accuracy of the model can be evaluated using the yet unused test dataset. (113) 

Table 4: To make predictions about new, unobserved data, datasets are split into three categories. 

Training dataset Validation dataset Test dataset 

A model is created or 

updated to fit the training 

dataset.  

The validation dataset is 

input to the model to fine-

tine the model parameters. 

Final predictive accuracy of 

the model is evaluated with 

the test dataset only once. 

 

History 

The first linear regression method, the method of least squares, was reported in the early 1800s, 

and is still “the most widely used nontrivial technique of modern statistics” (114). Further linear 

methods for learning from data were proposed in the 1930s and 40s: linear discriminant analysis 

(LDA) and logistic regression, together termed generalized linear models (115).  

When computing became available, more computationally intensive non-linear models and 

model selection by cross-validation began to be developed, notably classification and 

regression trees (116). Neurons, computational nodes that take an input, perform mathematical 

operations on it, and return an output, can be concatenated to create complex networks and were 

proposed in 1943 by McCulloch and Pitts (117). A simple artificial neural network with two 

inputs, one hidden layer with four neurons, and one output neuron is shown in Figure 9. 
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Figure 9: Neurons are computational nodes, depicted as circles here. The input data is processed by each node in the hidden 

layer. The output of the hidden layer is the input to the next layer, which could be another hidden layer or the final output layer, 

as is shown here. Each neuron in the hidden and output layer searches for specific features that best analyze the input with 

respect to the desired output value. (118) 

Further algorithm advancements (such as back propagation and activation functions)  (119–

121) eventually lead to the successful development of a convolutional neural network (CNN) 

that could identify hand-written digits by LeCun et al. in 1998 (122). Since then, deep learning 

has been increasingly applied to the field of biomedical image analysis (123). 

Statistical learning 

Statistics is the mathematical study of data. Statistical learning is a new area of statistics that 

uses old concepts and encompasses tools for modeling and understanding complex datasets. 

Statistical learning methods include lasso and sparse regression, classification and regression 

trees, boosting, and support vector machines (113).  

Statistical learning has been used to create biomarker panels that outperform panels with 

markers selected by researchers (124–126). 

Deep learning 

Deep learning is the training of artificial neural networks. These networks are composed of 

many computational steps, termed layers, that accept input data and return an output. Each layer 

performs various mathematical operations, are tuned so that they produce the desired output, 

and are very flexible in representing data. Statistical learning models, on the other hand, are 

composed of only one of these computational layers and thus, are also known as shallow 

learning models. (127) 

Convolutional neural networks (CNNs) are deep learning networks that include convolutional 

operations in the computational layers. Convolutional operations utilize filters, also called 

kernels, that search for specific patterns in an image (Figure 10).  
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Figure 10: Convolution of an input array I, an array of pixel intensities in an image, with a filter K, results in an output I*K. 

The filter, which has smaller dimensions than in the input array, passes across the input image until it has computed a 

convolution for every subarray in the input. The values in the filter are multiplied by the corresponding values in the input 

subarray and summed together to give an output at that position. Image from Mohamed (128). 

These filters are tuned to look for specific features during the training of a model; examples of 

what kinds of low level patterns a filter may search for are displayed in Figure 11. 

 
Figure 11: Example patterns that filters search for. These 96 filters are of size 11x11x3; three is the number of color channels 

(RGB) (129).  

Before CNNs, researches needed to extract their own user-defined features from images in order 

to perform machine learning, now computers are trained to find the features that produce the 

desired outcome. CNNs have been instrumental in the success of applying deep learning to 

image analysis in medicine. (111) 

Deep learning has recently been extensively researched for classifying images of 

histopathological tissues, mainly for detecting pathological or tumor tissues (130,131). Notably, 

deep learning has been used to directly predict patient outcome from histological images, 

skipping intermediate classification steps (132).   
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Aims and outline 

The aims of this thesis were to: 

I. Develop identity and purity assays to detect contaminating cells and tissues in the 

starting material for nasal chondrocyte-derived tissue engineered cartilage. 

a. Determine the potentially contaminating cell types and investigate their effect 

on engineering cartilage.  

b. Discover gene expression profiles that differ between pure and contaminating 

cells. 

c. Distinguish between pure and contaminating nasal septal tissues using Raman 

spectroscopy and statistical learning. 

II. Develop potency assays for nasal-chondrocyte derived tissue engineered cartilage 

based on the intended mode of action of the product, i.e., the filling of defects with 

chondrocytes in a mature, cartilage-like matrix. 

a. Estimate the chondrogenic potential of cells using gene expression panels. 

b. Assess the maturity of clinically relevant nasal chondrocyte-derived engineered 

cartilage with Raman spectroscopy and statistical learning. 

c. Automate the grading of histological images of engineered cartilage using deep 

learning. 
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At each stage, the potential implementation of these purity and potency assays in a good 

manufacturing practice (GMP) compliant process was discussed for the translation of 

regenerative therapy products. A table outlining which chapters in this thesis address the aims 

is given in Table 5. 

Table 5: The aims of this thesis are addressed in the following chapters. 

Main aim Sub-aim Thesis chapter  

Aim I: Develop 

identity/purity 

assays 

a. Determine the potentially contaminating 

cells and investigate their effect on 

engineering cartilage. 

Chapter 2: Gene 

expression 

biomarkers 

b. Discover gene expression profiles that 

differ between pure and contaminating 

cells. 

Chapter 2: Gene 

expression 

biomarkers 

c. Distinguish between pure and 

contaminating nasal septal tissues using 

Raman spectroscopy and statistical 

learning. 

Chapter 3: Raman 

spectroscopy quality 

controls 

Aim II: Develop 

potency assays 

 

a. Estimate the chondrogenic potential of 

cells using gene expression panels. 

Chapter 2: Gene 

expression 

biomarkers 

b. Assess the maturity of clinically relevant 

nasal chondrocyte-derived engineered 

cartilage with Raman spectroscopy and 

statistical learning. 

Chapter 3: Raman 

spectroscopy quality 

controls 

c. Automate the grading of histological 

images of engineered cartilage using deep 

learning. 

Chapter 4: Grading 

histological images 

 

  



28 

 

Contributors 

The publications included in this thesis required many people to contribute their time and 

expertise. The main work of the thesis was done by Laura Power (LP). Valuable contributions 

were made by M. Adelaide Asnaghi (MAA), Andrea Barbero (AB), Martin Haug (MH), Ruth 

Köppl (RK), David Wendt (DW), Ivan Martin (IM), Claudia Fasolato (CF), Anke Wixmerten 

(AW), Lina Acevedo (LA), Rikiya Yamashita (RY), and Daniel Rubin (DR). 

Chapter 1: Both MAA and LP contributed equally to this publication. MAA conceived and 

designed the study. MAA and LP performed the experiments, analyzed the data, and wrote the 

manuscript. LP created the models. AB contributed to the study design and revised the 

manuscript. MH and RK contributed to the sample preparation. DW contributed to manuscript 

revision. IM contributed to compiling the data and critically revised the manuscript. 

Chapter 2: LP planned and performed the Raman measurements, data analysis, and wrote the 

manuscript. CF gave scientific advice about the Raman spectroscopy experiments and 

performed data analysis. MAA, AB, AW, and IM contributed to the manuscript. DW initiated 

the investigation. All authors contributed to the study design and scientific discussions. 

Chapter 3: The paper was conceived and designed by LP and LA. Analysis and interpretation 

of the data was done by LP, RY, and DR. LP drafted the article. Critical revision of the article 

for important intellectual content was done by AB, LA, IM, DR, and RY. The collection and 

assembly of data was done by LP. 

  



29 

 

Chapter 2: Gene expression biomarkers 

Biomarker signatures of quality for engineering nasal 

chondrocyte-derived cartilage 

M. Adelaide Asnaghi, Laura Power, Andrea Barbero, Martin Haug, Ruth Köppl, David Wendt, 

and Ivan Martin 

Frontiers in Bioengineering and Biotechnology 8:283 (2020)  

doi: 10.3389/fbioe.2020.00283 

  



30 

 

 

  



31 

 

 

  



32 

 

 

  



33 

 

 

  



34 

 

 

  



35 

 

 

  



36 

 

 

  



37 

 

 

  



38 

 

 

  



39 

 

 

  



40 

 

 

  



41 

 

 

  



42 

 

 

 

  



43 

 

 

  



44 

 

 

  



45 

 

 

  



46 

 

 

  



47 

 

 

  



48 

 

 

  



49 

 

Chapter 3: Raman spectroscopy quality controls  

Raman spectroscopy and statistical learning for the development 

of tissue engineered cartilage quality controls 

Laura J. Power, Claudia Fasolato, Andrea Barbero, David J. Wendt, Anke Wixmerten, Ivan 

Martin, and M. Adelaide Asnaghi 

Submitted 

  



50 

 

Raman spectroscopy and statistical learning for the development 

of tissue engineered cartilage quality controls 

Laura J. Power1, Claudia Fasolato2,3, Andrea Barbero4, David J. Wendt1,4, Anke Wixmerten4, Ivan 

Martin1,4*, and M. Adelaide Asnaghi4 

1 Department of Biomedical Engineering, University of Basel, Switzerland 

2 Department of Physics and Geology, Perugia University, Italy 

3 Department of Physics, University of Basel, Switzerland 

4 Department of Biomedicine, University Hospital Basel, University of Basel, Switzerland 

* Corresponding author. Email: ivan.martin@usb.ch 

 

KEYWORDS: Raman spectroscopy, identity, purity, quality controls, GMP, cartilage, tissue engineering 

ABSTRACT: Nasal chondrocyte-derived engineered cartilage has been demonstrated to be safe and 

feasible for the treatment of focal cartilage lesions, with promising preliminary evidences of efficacy. 

To ensure the quality of the products and processes, and to meet regulatory requirements, quality controls 

for identity, purity, and potency need to be developed. We investigated the use of Raman spectroscopy, 

a nondestructive method that analyzes the chemical composition of samples, and statistical learning 

methods for the development of quality controls to quantitatively characterize the starting biopsy and 

final grafts. Nasal septal biopsy tissues containing therapeutic nasal chondrocytes or contaminant cells 

from the adjacent perichondrial tissue were measured with Raman spectroscopy, and the identity of the 

tissue could be classified with a sensitivity of 89% and specificity of 77%. Nasal chondrocyte-derived 

engineered cartilage was also measured with Raman spectroscopy and the maturity could be accurately 

assessed (R2: 0.89). Our results demonstrate the potential of Raman spectroscopy for the development 

of nondestructive quality controls for clinically relevant regenerative therapies that could be integrated 

into a GMP-compliant manufacturing process. 

1. Introduction 

Large cartilage lesions do not spontaneously heal in adults, cause pain, decrease quality of life, and can 

lead to incurable diseases of the joint. Current treatments such as microfracture do not produce durable 

hyaline-like cartilage (Gobbi 2014), and autologous articular chondrocyte-based therapies cannot 

guarantee predictable clinical effectiveness (Biant 2014), in addition to being associated with possible 

donor site morbidity (Matsuura 2019). Therefore, our group has been investigating the use of autologous 

nasal chondrocytes as a cell source with higher regenerative capacity for engineering cartilage tissue to 

repair focal articular cartilage lesions (Pelttari 2014). We have demonstrated that this procedure is 

feasible and safe in a phase I clinical trial (Mumme 2016), and we are collecting evidence of the efficacy 

of this treatment in a phase II clinical trial (http://biochip-h2020.eu/). To ensure product quality and meet 

regulatory requirements for Marketing Authorization, the starting materials need to be characterized and 

standardized, the manufacturing process has to be validated, and the products must be fully characterized 

with viability, identity, purity, and potency assays. These assays can be based on any analytical technique 

as long as the assay can be validated and shown to be precise with reproducible results. 

The desired therapeutic cells, autologous nasal chondrocytes, are obtained from nasal septum cartilage 

using GMP protocols. Adjacent perichondrial tissue, which is difficult to separate from the cartilage 

(Hellingman 2011), might remain on the biopsy and is the source of unwanted perichondrial cells that 

lower the quality of engineered cartilage (Asnaghi 2020). Identity and purity assays must be developed 

to assess the cell types obtained from the initial biopsy. A potency assay must also be developed based 

on the intended mode of action of the engineered cartilage (CHMP 2008), namely, the filling of a 
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cartilage defect with mature, hyaline-like cartilage. Mature engineered cartilage mimics native cartilage 

cell and matrix morphology and is rich in glycosaminoglycans (GAGs), parameters that are currently 

assessed with destructive and time-consuming histological and biochemical methods. 

Recent advances in the application of Raman spectroscopy for the analysis of complex biological 

samples have been made, such as for the identification of cancer cell lines (Schie 2016, Managò 2016), 

bacteria (García-Timermans 2018), and stem cell lines (Konorov 2011). Researchers have also used 

Raman spectroscopy to analyze articular cartilage and its components (Kunstar 2012, Pudlas 2013), 

collagen damage (Votteler 2012), the diagnosis of osteoarthritis (Kumar 2015), and bovine-derived 

engineered cartilage (Bergholt 2017). Briefly, Raman spectroscopy is performed by exciting a sample 

with a monochromatic laser beam. The inelastic scattering of light causes the presence of Raman bands 

at lower (stokes) or higher (antistokes) energies than the exciting laser. Raman photons differ from the 

exciting laser band by discrete amounts of energy (Raman shifts), corresponding to the characteristic 

vibrational energies of the compounds in the sample. Since the vibrational frequencies are related to 

specific chemical bonds, the Raman spectra of biological matter provide clear information on the 

chemical composition of the sample. Indeed, the spectral region corresponding to 600-1800 cm-1 Raman 

shifts is known as the fingerprint region that contains information from biological samples (Butler 2016). 

The conformation of biological macromolecules (proteins/DNA) can also be retrieved from Raman 

experiments (Brézillon 2017, Mansfield 2017, Ellis 2009, Dehring 2006).  

Here, we investigated the use of Raman spectroscopy for the development of nondestructive quality 

controls to assess the initial nasal septum biopsy and the potency of engineered cartilage derived from 

clinically relevant and intrinsically heterogeneous human samples. Raman results were compared at 

each step with the results of standardized histological staining and biochemical quantification methods, 

ensuring the correct interpretation of the data. Statistical learning methods were investigated for the 

problems of tissue identity classification and regression analysis to assess the quality of engineered 

tissues.  

2. Materials and methods 

2.1. Cell and tissue preparation. 

Native tissue biopsies were collected (14 female, 6 male, mean age 33 years, range 16-57 years) after 

informed consent and in accordance with the local ethical commission (EKBB; Ref.# 78/07). Biopsies 

that contained both cartilage (NC) and perichondrium (PC) were separated with tweezers by a trained 

operator based on the tissue characteristics as previously described (Asnaghi 2020) to collect NC and 

PC tissues from eight donors each. Unless otherwise stated, tissues were fixed overnight in 4% formalin 

and then stored in PBS at 4°C for Raman spectroscopic and histological analysis. 

Unfixed native nasal cartilage and perichondrial tissues were cut into small pieces and digested 

enzymatically with 0.15% type II collagenase (Worthington Biochemical Corporation, Lakewood, NJ, 

USA) for 22 hrs. at 37°C as previously described (Jakob 2003). Cells were expanded in monolayer 

culture in Dulbecco's Modified Eagle's Medium (DMEM) containing 4.5 mg/mL D-glucose and 0.1 mM 

nonessential amino acids, 10% fetal bovine serum (FBS), 1 mM sodium pyruvate, 100 mM HEPES 

buffer, 100 U/mL penicillin, 100 μg/mL streptomycin, and 0.29 mg/mL L-glutamine (all from 

Invitrogen) and supplemented with 5 ng/mL fibroblast growth factor 2 (FGF-2) and 1 ng/mL 

transforming growth factor β1 (TGF- β1; both from R&D Systems, Minneapolis, MN, USA) for 2 

weeks.  

Cartilage was engineered from nasal chondrocytes (from 10 donors) as previously described (Asnaghi 

2020). Briefly, cells were expanded to passage 2 and seeded onto a collagen I/III scaffold (Chondro-

Gide; Geistlich Pharma AG, Wolhusen, Switzerland) at a density of 1.2 million cells per 6 mm diameter 

membrane. Grafts were cultured in Dulbecco's Modified Eagle's Medium (DMEM) containing 4.5 

mg/mL D-glucose and 0.1 mM nonessential amino acids, 5% fetal bovine serum (FBS), 1 mM sodium 

pyruvate, 100 mM HEPES buffer, 100 U/mL penicillin, 100 μg/mL streptomycin, and 0.29 mg/mL L-

glutamine (all from Invitrogen) supplemented with 10 μg/mL insulin (Novo Nordisk, Bagsvaerd, 
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Denmark), and 0.1 mmol/L ascorbic acid 2-phosphate (Sigma Chemical) for 0, 7, or 13 days (one graft 

per time point per donor). 

2.2. Histology. 

Samples were fixed overnight in 4% formalin and embedded in paraffin. Sections 5 µm in thickness 

were stained with safranin O for glycosaminoglycans (GAG) and hematoxylin as a nuclear 

counterstaining as described elsewhere (Grogan 2016). Histological scoring via the Modified Bern Score 

(MBS) was performed on safranin O-stained histological images as previously described (Lehoczky 

2019). Briefly, the MBS has two rating parameters that each receive a score between 0 and 3. First, the 

intensity of safranin O staining (0: no stain; 1 weak staining; 2 moderately even staining: 2; even dark 

stain: 3), and second, the morphology of the cells (0: condensed/necrotic/pycnotic bodies; 1: 

spindle/fibrous; 2: mixed spindle/fibrous with rounded chondrogenic morphology; 3: majority 

rounded/chondrogenic). The two values are summed together resulting in a maximum possible MBS of 

6.  

2.3. Biochemical GAG and DNA quantification. 

Tissues were digested in proteinase K (1 mg/mL proteinase K in 50 mM Tris with 1 mM EDTA, 1 mM 

iodoacetamide, and 10 mg/mL pepstatin A). The glycosaminoglycan (GAG) content was determined by 

spectrophotometry using Dimethylmethylene Blue (Sigma-Aldrich 341088) as previously described 

(Barbosa et al., 2003). DNA content was measured using the CyQuant cell proliferation assay kit 

(Invitrogen).  

2.4. Raman spectroscopy measurements. 

A WiTec Alpha 300 Raman spectrometer (WiTec GmbH, Ulm, Germany) was used with a laser 

wavelength of 532 nm, power of 45 mW, and 40x water immersion objective for all Raman 

measurements. Single-cell measurements. Raman spectra were collected from isolated chondrocytes 

and perichondrial cells suspended in PBS (between 9 and 120 cells from three donors each) for 1 sec 

per cell. Raman imaging. Fixed cryosectioned tissues of 20-50 µm thickness on Raman grade CaF2 

slides (Crystran Ltd, Poole, UK) or on glass and sealed with a coverslip in PBS were prepared. The 

spectra were collected at discrete intervals of 0.24 µm in an array for 10 ms per point. Sampled Raman 

spectra. Raman spectra were collected for 1 sec from at least 100 different spots on the surface of native 

and engineered tissues. 

2.5. Data preprocessing. 

The R hyperSpec package (Beleites 2018) was used to preprocess the spectra and analyze the Raman 

images. All spectra were pre-processed by removing cosmic rays with a median filter with window size 

3 (Marshall 2006), loess smoothing (Bonifacio 2010), background subtraction with 6th order polynomial 

fit from 600 to 3050 cm-1 (Butler 2016), and normalization by setting the area under the curve from 600-

1800 cm-1 to one (Zhao 2016).  

2.6. Models. 

Native tissue classification model. The average Raman spectrum from the native tissues were 

deconvoluted, using gaussian and voigt waveforms and the wavenumbers of the peak maxima were 

selected with Origin Pro; to reduce the number of data points, only the intensities at these wavenumbers 

were retained for all the individual spectra. Classification models were created with training data from 

five NC and three PC donors (total 1056 individual spectra) and tested with test data from 4 NC and 3 

PC donors (total 906 individual spectra) with linear discriminant analysis via the MASS library in R 

(Venables 2002) and multiple logistic regression with cross-validation via the glmnet package (Friedman 

2010). Engineered cartilage quality regression model. The sampled engineered cartilage Raman 

spectra were averaged per donor per time point. To predict potency, the wavenumbers of the peak 

maxima of the average Raman spectra from all the engineered cartilage samples were identified using 

the quantmod R package (Ryan 2018); to reduce the number of data points, only the intensities at these 

wavenumbers were retained for all the samples. Lasso variable selection was performed using the glmnet 

package (Friedman 2010) to predict each quality metric (GAG, GAG/DNA, and Modified Bern Score). 
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Multiple linear regression with the peaks selected by lasso regression was performed with training data 

from eight donors at three time points each (total 24 individual spectra) and tested with spectra from 

two donors at three time points each (total 6 individual spectra).  

2.7. Statistical analysis. 

Unless otherwise stated, data analysis was performed using R (R Core Team, 2018, Vienna, Austria 

http://www.R-project.org). Plots show mean and standard deviation of at least four measurements. The 

difference between engineered and native tissue Raman spectra was calculated with the following 

formula for each time point: 

∑ 𝑒𝑛𝑔𝑖𝑛𝑒𝑒𝑟𝑒𝑑 𝑐𝑎𝑟𝑡𝑖𝑙𝑎𝑔𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖 − 𝑛𝑎𝑡𝑖𝑣𝑒 𝑐𝑎𝑟𝑡𝑖𝑙𝑎𝑔𝑒 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖

𝑖=𝑙𝑎𝑠𝑡 𝑝𝑒𝑎𝑘 𝑚𝑎𝑥𝑖𝑚𝑎

𝑖=1𝑠𝑡𝑝𝑒𝑎𝑘 𝑚𝑎𝑥𝑖𝑚𝑎

 

Statistical significance for multiple comparisons was calculated using one-way analysis of variance 

(ANOVA) with post hoc Tukey’s range test. Symbols used are: ***p<0.001, **p<0.01, and *p<0.05. 

3. Results and discussion 

3.1. Analysis of cells and tissues.  

During GMP production of engineered cartilage, first an identity assay that can quantitatively confirm 

the presence of cartilage and absence of perichondrium must be performed. Perichondrium is the tissue 

overlaying the septal biopsy that may sometimes be simultaneously harvested, and which is difficult to 

distinguish and separate (Hellingman 2011). Moreover, the presence of perichondrium in the septal 

biopsy decreases the overall quality of the final engineered cartilage (Asnaghi 2020), furthering the need 

for an identity assay to control for unwanted perichondrium. This identity assay could be performed on 

the cells derived from these tissues or directly on the biopsies. 

Single-cell Raman measurements of nasal chondrocytes and perichondrial cells were performed, and the 

mean Raman spectra from each cell type was plotted (Figure S1A); however, there was more variation 

within a cell type than between them due to the intrinsic heterogeneity of primary human cells obtained 

from different individuals as seen by principal component analysis (PCA) (Figure S1B). Detailed Raman 

images of a few cells of each type were performed and the spectra from the images were k-means 

clustered for similarity. We can attribute some clusters to the nucleus, cytoplasm, and pericellular matrix 

of the cells. Both cell types contained spectra from all the clusters (Figure S2). In the future, it might be 

possible to distinguish between these two cell types by targeting specific biomarkers with nanoprobes 

with strong surface enhanced Raman scattering (SERS) signals, as has been previously done with breast 

cancer cell lines (Fasolato 2019, Liang 2018). The first step to distinguish cells by SERS is to find cell 

surface markers, which we searched for by performing mass spectrometry on expanded nasal 

chondrocytes and perichondrial cells. The proteins that were significantly differentially expressed in 

each cell type were found (Table S1). 

Perichondrial tissue has a much different structure than the native cartilage, which is shown by Raman 

imaging for the first time in this study. Raman imaging of native nasal septum cartilage and 

perichondrium was performed by cryosectioning fixed tissues and then collecting Raman spectra in an 

ordered array across the surface of the tissues. The false color images highlight intensities of specific 

peaks or ranges associated with collagen (Albro 2018), glycosaminoglycans (GAG) (Gamsjaeger 2014), 

cytoplasm (Bergholt 2016), and DNA (Beleites 2018), and show the structures of the tissues (Figure 

1A). The lacuna that contain the chondrocytes in the native cartilage are clearly imaged, whereas in the 

perichondrium, no such structures are seen; rather, the tissue is much more fibrous. These Raman images 

correspond to previous research using other imaging techniques that showed the characteristic closely-

matted collagen fibers of nasal perichondrium (Bairati 1996). Overall, this Raman imaging analysis 

suggests that Raman spectroscopy is a good candidate for the characterization of native nasal septal 

tissues. 
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Figure 1. (A) Bright field images and 20 µm x 20 µm Raman images of native nasal cartilage and 

perichondrium colored based on specific peak intensities. (B) Mean Raman spectra from native cartilage 

tissue and chondrocytes. 

3.2. Classification of native tissue identity based on their Raman spectra. 

We hypothesized that the native nasal cartilage and perichondrium tissues would be more clearly 

distinguishable using Raman spectroscopy compared to the isolated cells due to the prominent 

differences in the matrix composition of these tissues. The mean spectra from isolated cells and native 

cartilage tissues were plotted (Figure 1B). The chondrocytes had some intracellular and pericellular 

cartilage matrix components, thus similarities can be seen between the single-cell and whole-tissue 

spectra. The most significant peak found in the average cell spectra is around 1300 cm-1 and can be 

attributed to lipids (Movasaghi 2007). Native cartilage has a low density of cells, around 5%, and thus, 

the Raman signal from the cells only makes up a small part of the average cartilage tissue spectra, 

suggesting that although the cells could not, the native tissues may be distinguishable with Raman 

spectroscopy.  

To implement a Raman spectroscopy-based tissue identity assay in the GMP manufacturing process, 

native tissue biopsies could be measured directly after harvesting without any sample processing 

required and placing the biopsy under the Raman spectrometer objective to probe the tissues. The 

collected spectra would then be compared to the library of characteristic Raman spectra for nasal 

cartilage and perichondrium. Here, we build a library of characteristic spectra by measuring at least 100 

different spots on each tissue from eight different human donors. Then histological analysis was 

performed on the native tissues to confirm their identity. The spectra were pre-processed, and the mean 

and first standard deviation of each sample was plotted individually (Figure 2A and S3). Notably, the 

average Raman peak intensities in the range 1025-1125 cm-1, where there are major peaks attributed to 



55 

 

proteoglycans (Ellis 2009, Gamsjaeger 2014, Bergholt 2016), were higher from the GAG-rich native 

nasal cartilage than from the GAG-deficient perichondrial tissue. 

Various statistical and machine learning methods have been investigated to classify cells and tissues 

based on their Raman spectra (Yan 2017; Barmpalexis 2018; Pavillon 2017; Albro 2018), since there is 

no single standard data analysis technique for analyzing spectra from biological samples. After spectra 

pre-processing, dimension reduction was required due to the large number of data points that make up 

a Raman spectra relative to the number of samples measured. Multicollinearity of the spectral data points 

also needed to be reduced, since a single Raman peak can be defined by several consecutive data points 

and because components that make up cartilage have complex spectra with several prominent peaks 

within the fingerprint region. The spectra were deconvoluted and the wavenumber corresponding to the 

maxima of each deconvoluted peak was selected. This reduced the number of data points per spectrum 

from 300 to 38, an eight-fold reduction. By choosing the peak maxima, the biological interpretability of 

the results could be retained. The same Raman peaks were found in the two tissue types with 

characteristically higher or lower intensities.  

Classification models were created by using logistic regression (Pavillon 2017, Barman 2012) and linear 

discriminant analysis (Žukovskaja 2019, Livermore 2019) on the training data and then tested with a 

separate testing dataset. The logistic regression model estimates the probability between zero and one 

that a Raman spectra originated from cartilage (zero) or perichondrium (one). We previously found that 

nasal chondrocytes and perichondrial cells proliferate at the same rate (Asnaghi 2020), so we did not 

have to be concerned that a minimal amount of perichondrial cell contamination would overtake the 

whole cell population. Therefore, we could maximize the accuracy of the identity classification model 

rather than maximizing the specificity of identifying unwanted perichondrium (Figure S4). Logistic 

regression with a decision cutoff of 0.57 resulted in a training accuracy of 89.3% and a testing accuracy 

of 82.2%. Linear discriminant analysis also performed well, resulting in an accuracy of 87.7% on the 

training dataset and 74.2% on the test dataset (Figure 2B, C). These accuracies are comparable to similar 

research that has discriminated between healthy and diseased tissues with Raman spectroscopy and 

various data analysis methods (Jermyn 2015; Cordero 2019; Sato 2019; Sinica 2019; Kanter 2009). The 

Raman peaks that contributed to the logistic regression model for each tissue is displayed in Figure 3 

along with the substances and chemical compounds that the peaks are attributed to based on previously 

identified peaks in cartilage and proteoglycans (Ellis 2009, Bonifacio 2010, and Brézillon 2017). These 

peak assignments are more reliable for the nasal cartilage tissue and tentative for the nasal septal 

perichondrial tissue, which has not previously been analyzed by Raman spectroscopy. 

Histological analysis in this study did not reveal any heat induced effects due to the 532 nm wavelength, 

45 mW laser used to generate Raman spectra. For convenience, in this study the tissues were fixed 

overnight in 4% formalin. To study the effect of fixation, we collected Raman spectra from native 

cartilage (NC) and perichondrium (PC) samples that were fresh and after they were fixed in 4% formalin 

and plotted the mean spectra (Figure S5). Since cartilage is 80% water (Shiguetomi-Medina 2017), it is 

important to consider that fixation could lead to the dehydration of tissues (Kansu 2017), and thus 

affecting their Raman spectra. We compared the spectra of fixed and fresh tissues and saw minimal 

differences on proteins and phospholipids (Chan 2009) based on the peak intensity ratio of 1302 to 1265 

cm-1 (Huang 2003). However, in our samples, there were other effects seen due to fixation. Therefore, 

the Raman spectra library will have to be updated with spectra from fresh tissues for the quality control 

that will be implemented for GMP production of grafts, while heat damage is not a concern.  

In practice, if the manufacturing operator detects perichondrium based on the Raman spectra, the septal 

biopsy can be further processed before remeasuring the Raman spectra of the tissue to ensure a clean 

starting material. We propose that the Raman spectroscopy-based quality control could be implemented 

by placing a spectrometer in the part of the GMP-compliant clean room that also contains the 

refrigerators, freezers, incubators, etc. (Zone B or C, depending on the clean room design). The tissues 

would have to be in a sealed sterile container with a thin cover glass window through which the samples 

could be measured with the spectrometer. The whole process would have to be validated and the device 

qualified to ensure GMP compliance (Power 2019). Alternatively, novel clinical and in vivo Raman 

spectroscopy probes are currently being developed (Gusachenko 2017, McGregor 2017) that could be 
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used directly in Zone A, where products can be handled openly, to measure the tissues in the most sterile 

zone of the clean room; the spectrometer equipment could be located outside, so that only the probe 

would enter the clean room. Direct measurement in Zone A would be feasible, since a Raman 

spectroscopy-based assays could be performed extremely quickly, in a matter of seconds, without any 

time-consuming multi-day protocols or expensive consumables.  

Thus, we show how Raman spectroscopy could be used to develop a tissue identity assay for controlling 

the quality of the starting materials of regenerative medicines. 

 

Figure 2. (A) Safranin O staining and Raman spectra of native nasal cartilage and perichondrium (three 

of the eight donors are pictured; scale bar is 200 µm). (B) The ROC curve for the logistic regression 

(LR) and linear discriminant analysis (LDA) models for the test dataset. (C) Training and test sensitivity, 

specificity, precision, and accuracy of the logistic regression and linear discriminant analysis models. 
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Figure 3. The average Raman spectra from nasal cartilage (NC) and perichondrial tissue (PC) were 

deconvoluted into their individual Raman peaks. Logistic regression analysis of the spectra to classify 

the tissue types identified the indicated peaks as characteristic of NC or PC tissue. The significance of 

the Raman peak for the model is shown with ◄◄◄: p<0.001, ◄◄: p<0.01, and ◄: p<0.05. The 

Raman peaks were attributed to specific chemical compounds and substances.  

3.3. Predict engineered cartilage potency from Raman spectra. 

Cartilage was engineered using expanded nasal chondrocytes and a collagen I/III scaffold, according to 

the same protocols as in the Nose2Knee II clinical trial (ClinicalTrials.gov Identifier: NCT02673905), 

differing only by the use of fetal bovine rather than autologous human serum and use of non-GMP grade 

reagents; we do not anticipate that these differences influence the Raman spectra. Current techniques to 
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assess the extent of cartilaginous tissue formation are destructive and include biochemical quantification 

of GAG (GAG in μg and ratio of GAG/DNA) and the scoring of histological images (Modified Bern 

Score), where higher scores correspond to more mature engineered cartilage based on their cell and 

tissue morphology. These are the three metrics of quality that we aim to predict from the Raman spectra 

of clinically relevant engineered cartilages. This mechanically stable graft poses the additional challenge 

for the interpretation of the Raman spectra of incorporating a collagen I/III scaffold that significantly 

contributes to the Raman spectrum. 

The spot from which Raman spectra are collected is diffraction limited to a few hundred nanometers in 

diameter and most of the signal originates from a depth of a few hundred micrometers, so when an 

engineered tissue was sampled, the spectra could originate from cells, collagen fibers, or other cartilage 

components. Taking the average of 100 measurements per sample minimizes these specific effects and 

gives an overview of the total graft composition. After Raman spectra were collected from the 

engineered tissues, histological and biochemical analyses were performed (Figure 4A and S6). Safranin 

O stained images were scored with the histological Modified Bern Score, which increased over the 

culture period as the engineered tissues matured. The amounts of biochemically quantified GAG and 

GAG/DNA also increased over the two-week culture period (Figure 4B). The mean spectra from native 

nasal and engineered cartilages were plotted in Figure 4C and compared in Figure 4D (see the materials 

and methods). After two weeks of chondrogenic culture, the Raman spectra from engineered tissues 

were more similar to the spectra from native tissues compared to at the beginning of culture. Notably, a 

peak commonly associated with GAG at 1061 cm-1 (Gamsjaeger 2014) increased in intensity during the 

culture period and was the highest in the native cartilage. Moreover, spectra collected from our high 

quality engineered cartilage were more similar to the spectra of the native nasal cartilage than previously 

reported tissue engineered cartilage spectra (Bergholt 2017) and than our lower quality engineered 

cartilage. 

To develop a model to accurately assess the potency of engineered cartilage (quantified GAG (µg), 

GAG/DNA, and histological Modified Bern Score), the number of data points that make up a Raman 

spectrum needed to be reduced, because the number of samples measured was far fewer than the number 

of data points per spectra, a common challenge in chemometrics (Schumacher 2014, Andersen 2010). 

Additionally, multicollinearity was present just like in the identity assay, so again the peak maxima were 

selected (Figure S7). Still, each Raman spectra was made up of too many data points to create a useful 

model, so a further data reduction technique, Lasso regression (Tibshirani 1996), was used to select a 

subset of Raman peaks, as has been done previously with Raman spectra for skin cancer diagnosis (Zhao 

2016). Lasso regression sets coefficients of the multiple linear regression to zero, selecting the Raman 

peaks that contribute the most to the model’s predictive ability. Six-fold cross-validation for Lasso 

variable selection was performed on the training dataset. Since the result can be different for each fold 

depending on how the training data is split at each fold, cross-validation was repeated 100 times to find 

the best value of lambda, the shrinkage parameter. Using this value of lambda, Lasso variable selection 

was performed on the whole training dataset to select the Raman peaks that contributed most 

significantly to the potency models and attributed to substances and chemical compounds (Figure 5A-

C). The training dataset was used to build a multiple linear regression model with just the selected peaks. 

The model was then assessed with the test dataset, which had not been used to build the model and 

consisted of Raman spectra from two additional donors at three time points each (Figure 5D-G); the 

model could predict the µg of GAG (R2: 0.68), GAG/DNA (R2: 0.78), and the histological Modified 

Bern Score (R2: 0.89). 

The peak identified for predicting the amount of GAG in the sample at 1132 cm-1 has been previously 

associated with protein chemical bonds such as C-C stretching (De Gelder 2007 as cited in Shie 2016), 

v C-N, and v C-C (Bonifacio 2010). The peaks found to predict GAG/DNA, 1132 cm-1 and 1384 cm-1, 

have been associated with the glycosaminoglycan aggrecan (Brézillon 2017, Gamsjaeger 2014), and 

1456 cm-1 has been identified as CH2/CH3 deformation of lipids and collagen (Cheng 2005). The peaks 

found that predict the histological Modified Bern Score were 1044 cm-1, phenylalanine ring deformation 

seen in the spectra of both collagens and proteoglycans (Brezillon 2017, Gamsjaeger 2014), and 1132 

cm-1 and 1456 cm-1. The selected peaks are only significant to p-values < 0.1; however, this is reasonable 

because the Raman spectra of these components are complex and the limited number of peaks could not 
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possibly predict these quality metrics alone. The metric of quality that was most accurately predicted 

was the histological Modified Bern Score. This may be explained by the fact that the histological score 

contains information not only about the GAG content, but also about the tissue structure and cell 

morphology, giving a more comprehensive assessment of the cartilage quality, as does Raman 

spectroscopy. Thus, we showed how Raman spectroscopy could be used to develop a potency assay for 

assessing the quality of clinically relevant regenerative therapies. 

 

Figure 4. (A) Histological results (scale bar is 500 µm) and Raman spectra of engineered cartilage. (B) 

Biochemically quantified GAG, GAG/DNA, and histological Modified Bern Score (MBS) of 

engineered cartilage after zero, one, or two weeks of culture. The red line indicates the mean at each 

time point. (C) The average Raman spectra of engineered cartilage at each time point and average native 

nasal cartilage spectrum. (D) Sum of the engineered cartilage Raman spectra intensities at the peak 

maxima normalized to the average native cartilage spectra (zero). 
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Figure 5. Lasso variable selection was used to select specific Raman peaks that could predict the 

quantified (A) GAG (µg), (B) GAG/DNA, and (C) histological Modified Bern Score (MBS) and the 

peaks were attributed to substances based on Ellis 2009 and Bonifacio 2010. Multiple linear regression 

models were built using the selected peaks on the training dataset and then (D-F) the models were tested 

with Raman spectra from two additional donors. (G) Test data results of the R2 of the observed vs. 

predicted values. 
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4. Conclusions 

We demonstrated that Raman spectroscopy and statistical learning can be used to develop identity, 

purity, and potency assays for engineered cartilage grafts. To our knowledge, this is the first published 

report proposing the application of Raman spectroscopy for the development of identity/purity assays 

for Advanced Therapy Medicinal Products (ATMPs), specifically for the characterization of nasal septal 

tissues that are used to engineer the cartilage grafts. Recent reports have shown that Raman spectroscopy 

is a promising method for the nondestructive analysis of complex biological samples for other 

applications, however, they use homogenous cell lines and animal-derived materials. In our study we 

used clinically relevant cells, primary human samples, which have a lot of inter- and intra-donor 

heterogeneity, elevating the need to develop quantitative quality controls. The Raman spectroscopy-

based tissue identity assay we developed enables the possible assessment of the entire patient sample 

that will actually be used to produce an engineered cartilage graft, providing more comprehensive 

information than a sacrificed part that may not be representative of the whole. Moreover, we were able 

to assess engineered tissue maturity by estimating cartilage markers: glycosaminoglycan deposition and 

a histological score of cartilage cell- and matrix-morphology. Engineered graft maturity was assessed 

while overcoming the additional challenge of simultaneously acquiring strong background signal from 

the collagen scaffold that provides crucial mechanical stability to the graft. Regenerative therapies have 

the potential to treat numerous diseases, however, their translation is limited by the need to develop 

advanced characterization assays and quality controls to meet GMP requirements; our study shows how 

Raman spectroscopy can be used with statistical learning for the development of these quality controls, 

promoting the future translation of ATMPs into the clinic. 
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SUPLEMENTARY INFORMATION 

Mass spectrometric analysis was performed as previously described (Obradović et al, 2019) with TMT labeling (Ahrné 

2016). 

Table S1. The most differentially expressed proteins between nasal chondrocytes and perichondrial cells expanded to 

passage two from 5 donors found by mass spectrometric analysis. The most significantly expressed proteins are listed. 

 Gene Name log2ratio PC vs. NC p-value 

Perichondrial 

cell markers 

S100A1 -5.74 8.00E-05 

S100B -4.41 2.73E-04 

FAM101A -4.23 7.80E-04 

CHI3L1 -2.85 1.31E-04 

PALD1 -2.72 5.51E-04 

MFI2 -2.25 6.08E-04 

CA2 -2.22 2.52E-05 

AIM1 -1.85 2.84E-04 

SORBS2 -1.56 2.22E-04 

SERPINA3 -1.54 9.74E-04 

COL11A1 -1.49 4.66E-04 

MYH14 -1.40 4.93E-04 

MST4 -1.37 3.25E-04 

UNC5C -1.31 6.15E-04 

ABAT -1.30 8.79E-04 

CDKN2B -1.21 4.92E-04 

LEPREL1 -1.19 6.17E-04 

Nasal 

chondrocyte 

markers 

PTGIS 1.22 2.84E-04 

FAM186B 1.22 5.05E-04 

EGFR 1.26 1.39E-04 

ALDH7A1 1.43 1.80E-04 

COL1A1 1.44 6.00E-04 

COL14A1 1.48 8.50E-04 

EPHX1 1.53 2.80E-04 

ARHGAP18 1.57 6.70E-05 

KCTD12 1.64 1.05E-04 

FLNC 1.75 2.13E-04 

CAPG 1.79 8.93E-04 

SLFN11 1.82 6.39E-05 

SERPINF1 1.95 2.21E-04 

DCLK1 1.97 2.37E-04 

STEAP2 2.00 4.23E-04 

ENPP2 2.06 4.65E-04 

VCAN 2.16 7.04E-04 

S100A4 2.55 4.60E-05 

IGFBP2 2.64 1.86E-05 

MYH11 2.81 7.80E-04 

IFI16 2.89 8.12E-05 

CRABP2 2.89 3.09E-06 

ACE 3.40 1.33E-04 
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Figure S1. Isolated chondrocytes and perichondrial cells (between 9 and 120 cells from three donors each at passage 0) 

were collected for single-cell measurements. Each cell was measured for 1 second. (A) Mean Raman spectra of nasal 

chondrocytes (NC) and perichondrial cells (PC) and (B) the subsequent principal component analysis. (C) Bright field 

image of cells, 15 x 15 µm Raman images of 2-3 nasal chondrocyte and perichondrial cells at passage 0, and mean 

spectra of each of the seven k-means clusters. Raman imaging of single nasal chondrocyte and perichondrial cells at 

passage 0 were performed by putting freshly isolated cells onto a Raman grade CaF slide (Crystan Ltd, Poole, UK) in 

PBS and allowing the PBS to dry so that the cells would not float and move in solution. Raman spectra were collected 

for 0.1 seconds per point in an array, 176 nm apart, for 15 x 15 µm areas. 

 

 

 

 
Figure S2. (A) Bright field image of NC cells, (B) 15 x 15 µm Raman images of 2-3 nasal chondrocyte and perichondrial 

cells at passage 0, and (C) mean spectra of each of the seven k-means clusters used for Raman imaging. 
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Figure S3. Native nasal cartilage and perichondrium from 10 donors were measured with Raman spectroscopy, then the 

tissues were analyzed histologically. 
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Figure S4: Logistic regression was used to build a model to classify native nasal cartilage and perichondrial tissue. The 

decision cutoff was adjusted to maximize accuracy, sensitivity, and specificity.  

 

 

 

 

 

 

 

 
Figure S5. Fresh vs. fixed native nasal cartilage (NC) and perichondrium (PC). Mean spectra from three donors. The 

indicated peaks at 1302 and 1265 cm-1 are minimally affected by fixation here (Huang 2003). 
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Figure S6. Raman spectra of engineered cartilage after 0, 7, or 13 days of chondrogenic culture and the subsequent 

histological analysis of the tissues. 
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Figure S7. The Raman peak maxima selected from the average Raman spectra collected from all the engineered cartilage 

tissues. 
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Abstract 

Objective 

To automate and standardize the grading of histological images of in vitro engineered cartilage 

tissues using deep learning. The automated scoring can then be used for the development of tissue 

engineering quality controls. 

Methods 

Cartilaginous tissues were engineered in vitro from human articular and nasal chondrocytes and from 

bone-marrow derived mesenchymal stromal cells. The safranin O and fast green stained histological 

images of the engineered tissues were graded for chondrogenic quality according to a modified 

version of the Bern score (Modified Bern Score), which ranks images on a scale from 0 to 6 according 

to the intensity of staining and chondrocyte cell morphology. The images were grouped into four 

categories based on the following grades: 0, 1-2, 3-4, and 5-6. Deep learning with transfer learning 

was used to build and compare models that could classify images into these histological score 

groups. 

Results 

The different cell types, harvested from different donors, generated cartilaginous tissues of diverse 

quality, covering all categories of the Modified Bern Score. Transfer learning using a pretrained 

DenseNet model provided the best results on the validation dataset. Two users graded the test 

images and agreed on the grade group 76% of the time. The model predictions agreed with each user 

78% and 67% of the time. The overall grade per sample calculated by each user vs. the model 

prediction resulted in an R2 of 0.92 and 0.81, respectively. 

Conclusion 

Using deep learning, we could automate the scoring of histological images of tissue engineered 

cartilage and achieve results with agreement comparable to that reached by different experts. Thus, 

the deep learning enables the standardization and automation of the scoring of histological images of 

cartilage, which is currently used for experimental studies of cartilage differentiation, as well as 

release criteria required for ensuring product quality of manufactured clinical grafts and meeting 

regulatory requirements. 
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Introduction 

Large cartilage defects do not have the capacity to regenerate in adults, and currently available 

treatments have not yet demonstrated predictable long-term efficacy1. Implantation of autologous 

nasal chondrocyte-derived engineered tissue has been shown to be a safe  and a promising method 

for treating traumatic knee-cartilage defects2. A phase II clinical trial is currently ongoing to test the 

efficacy of this treatment (BIO-CHIP: http://biochip-h2020.eu/). Briefly, nasal chondrocytes are 

isolated from the nasal septum, expanded, and seeded onto a collagen I/III scaffold. The resulting 

constructs are then cultured in chondrogenic conditions for two weeks, allowing the cells to produce 

their own cartilage matrix before implantation in the knee cartilage defect of the patient. 

Release criteria must be developed for new therapies that assess a product to be of sufficient quality 

to perform its hypothesized mode of action3. For nasal-chondrocyte derived tissue engineered 

cartilage, the hypothesized mode of action is to fill defects with a mature, cartilage-like matrix 

produced by the chondrocytes, thus restoring the functions of the knee and leading to increased 

mobility, decreased pain, and improved quality of life. The current release criteria for the BIO-CHIP 

study assesses the maturation of the engineered tissue by scoring histological images with a modified 

version of the Bern score, i.e., a well established method for grading the chondrogenicity of 

engineered cartilage4. 

The Modified Bern Score has recently been introduced to simplify the scoring criteria5,6, where two of 

the three scoring categories of the Bern score are maintained, i.e., the intensity of safranin O staining 

(from 0 to 3) and the morphology of the cells (from 0 to 3) (Table 1). 

Manual scoring systems have disadvantages that include low user agreement, subjectivity, potential 

for bias, and time consumption7,8. Yet, there is currently no automated method for grading the 

chondrogenicity of engineered tissues, only qualitative manual scoring systems4,9. Previously, cost 

and expertise were limitations in automating histological evaluations; today, deep learning methods 

are increasingly being used for biomedical image analysis and are widely available to researchers. 

Deep learning has already been applied for tumor grading and classification applications10,11. 

Transfer learning is currently a very popular method being applied to new biomedical image analysis 

applications12–15. Transfer learning leverages deep learning models that have been pretrained with 

large datasets of all kinds of images and can be fine-tuned with a smaller set of images for a specific 

task. A pre-trained network can extract features from a small dataset that are then used to classify 

images for a specific application. 

In this study, we show for the first time how deep learning can be used for the objective grading of 

histological images of tissue engineered cartilage. 

Methods 

Ethical approval 

All human samples were collected with informed consent given by the involved individuals and in 

accordance with the cantonal ethical authority of Basel (Ethikkomission Nordwest- und 

Zentralschweiz). 
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Engineered cartilage 

Chondrogenic micromasses and pellets 

Nasal chondrocytes (NC), articular chondrocytes (AC), and mesenchymal stromal cells (MSC) were 

expanded for two passages and cultured in micromass or pellet culture as previously described5,16 

using different culture media. More details are provided in the supplemental materials. 

Engineered cartilage grafts 

NCs were isolated from nasal septal cartilage biopsies, expanded, and cultured on collagen type I/III 

membranes (Chondro-Gide; Geistlich Pharma AG). Grafts for clinical use (here referred to as clinical 

patient grafts) were produced at the GMP facility at the University Hospital Basel according to 

standard operating procedures under a quality management system as previously described2. The 

clinical samples were collected from 3 female and 15 male patients with an average age of 37 (ages 

from 23 to 49). More details are provided in the supplemental materials. 

Histological analysis 

All samples were fixed in 4% formalin, embedded in paraffin, and 5 µm thick sections were prepared. 

Safranin O staining was performed with safranin O for glycosaminoglycans (GAG), fast green for 

collagen, and hematoxylin as a nuclear counterstaining as previously described8. 

Images were taken with the following microscopes: Nikon upright Ni microscope with a Prior slide 

loader and a Nikon Ds-Fi3 camera and a CFI Plan Apo Lambda 20x objective (NA 0.75), Nikon Ti2 

microscope with a Nikon DS-Ri2 camera and a CFI Plan Apo Lambda 20x objective (NA 0.75), and an 

Olympus IX83 microscope with an Olympus DP80 camera and a LUCPlanFL N 20x objective (NA 0.45). 

Each resulting 1440 x 1024 px image was divided into up to 12 smaller images, hereafter referred to 

as tiles, using a custom macro in Fiji/ImageJ (https://imagej.net/Fiji). Tiles were excluded from the 

datasets if they contained parts of the slide background or histological artifacts such as folded or torn 

tissues. 

Grading with the Modified Bern Score 

Histological scoring via the Modified Bern Score (MBS) was performed on safranin O-stained 

histological images as previously described5,6, as adapted from Grogan et al.8. The MBS has two rating 

parameters, safranin O staining intensity and cell morphology, that each receive a score between 0 

and 3 (Table 1). The two values were summed together resulting in a maximum possible MBS of 6. 

In this manuscript, histological images were graded and grouped into four categories: MBS 0, MBS 1-

2, MBS 3-4, and MBS 5-6, in order to classify images into groups, rather than handling scores on a 

continuous scale from 0 to 6. Representative images of engineered cartilage for each category are 

displayed in Fig. 1. 

The engineered cartilage produced using Chondro-Gide in the clinical trial is a bilayer graft. The cells 

are seeded on the top, permeable layer of the membrane where they can produce their own matrix 

during chondrogenic culture. The bottom layer of the scaffold is impermeable to cells and provides 

mechanical support to the construct after implantation. Only the top, cell-laden layer was graded 

when assessing the chondrogenicity of these grafts in the context of the clinical trial (Fig. S1). Here, 

tiles containing the cell-free layer of the scaffold were manually discarded. The overall MBS per 

clinical trial patient in this manuscript was calculated with Eqn. 1, where n is the number of tiles in 

each group. 
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(Eqn. 1) 

𝑀𝐵𝑆𝑝𝑎𝑡𝑖𝑒𝑛𝑡 =
(𝑀𝐵𝑆 0)𝑛 ∗ 0 +  (𝑀𝐵𝑆 1˗2)𝑛 ∗ 2 + (𝑀𝐵𝑆 3˗4)𝑛 ∗ 4 + (𝑀𝐵𝑆 5˗6)𝑛 ∗ 6

(𝑀𝐵𝑆 0)𝑛 +  (𝑀𝐵𝑆 1˗2)𝑛 + (𝑀𝐵𝑆 3˗4)𝑛 + (𝑀𝐵𝑆 5˗6)𝑛
 

 

Dataset 

The samples used for training and testing of the models are listed in Table 2. The training and 

validation images were graded by an expert user (user 1) and randomly split into about 80 and 20%, 

respectively, while ensuring an even distribution of images from each class in the validation dataset.  

The test data were obtained from nonoverlapping donors and experiments, including from the nasal 

chondrocyte-derived tissue engineered cartilage grafts produced for patients in the clinical trial (BIO-

CHIP). The test samples were individually scored by two experts. 

Calculate grading agreement 

The agreement between users and between the model predictions and each user was calculated 

according to Eqn. 2. 

(Eqn. 2) 

𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 =  
𝑁𝑢𝑚. 𝑜𝑓 𝑡𝑖𝑙𝑒𝑠 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑠𝑐𝑜𝑟𝑒

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚. 𝑜𝑓 𝑡𝑖𝑙𝑒𝑠
∗ 100% 

Data augmentation 

The images in the training dataset were augmented using Python and PyTorch in order to increase 

the variability of the images presented to the model. Data Image transforms from the Torchvision 

package17 were applied to randomly resize and crop the images to 224 x 224 pixels, slightly modify 

the colors with ColorJitter (brightness=0.1, contrast=0.1, hue=0.01), and randomly flip images 

horizontally and vertically. 

All the training, validation, and test images were normalized to the mean and standard deviation of 

the images in the training dataset, i.e., mean: 0.5894, 0.5352, 0.5669 and standard deviation: 0.0749, 

0.0701, 0.0634. 

The number of images per class in the training dataset were not evenly distributed (Table 2), 

therefore, a weighted random sampler was used during training to upsample images from the rarer 

classes. The per-class weights were the inverse of the number of images, i.e., 1/714, 1/549, 1/862, 

and 1/1205. 

Grading with deep learning 

Table 3 lists all the deep learning models that were created. Python version 3.7.4 and the deep 

learning framework, PyTorch18, were used in this manuscript. Other Python libraries used were os, 

time, Matplotlib, the Python Imaging Library (PIL), and numpy. We used the CentOS 7.5.1804 

operating system, 64 GB RAM, and Intel Xeon CPU E5-2670 0 @ 2.60GHz. Network training was 

performed using an Nvidia Titan X Pascal GPU and a CPU with 16 GB of RAM. 

Model development 

A relatively simple convolutional neural network (CNN) was trained from scratch, similar to Bilaloglu 

et al.19. We started with an image size of 224 x 224 pixels and used a similar model architecture, with 
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six layers of convolutional blocks, going from 16 to 32 to 64 to 64 to 128 to 64 output features. The 

first block uses a kernel size of 5 and stride of 2, and the following blocks used a kernel size of 3 and 

stride of 1. The end of each block used a ReLU activation function and then dropout at a rate of 0.2. 

The final classifier mapped 2304 features down to four classes. The Adam algorithm was used for 

optimization20 with a learning rate of 0.001. A summary of the model is included in the 

Supplementary Materials. 

Transfer learning 

Training was performed using the stochastic gradient descent algorithm by minimizing the cross 

entropy loss with a momentum factor of 0.9. A step-wise learning rate decay scheduler was used 

with a learning rate of 0.001, step size of 7, and gamma of 0.1. The batch size was 32. The training 

was performed in 30 epochs. 

Transfer learning was implemented using MobileNet V221 and DenseNet16122 architectures 

pretrained on the ImageNet dataset (www.image-net.org). The fully-connected classification layers 

of each pretrained model was reshaped to predict the four classes in our dataset. During training, the 

trainable parameters in the original models were frozen, while only the parameters in the newly 

reshaped final layer were fine-tuned. Only updating the weights of the final layer allows for faster 

model training via transfer learning15. Three approaches were designed for reshaping the 

classification layers. In a first approach, a single fully-connected layer was added (classifier 1). In a 

second transfer learning approach, a new classifier was added to each model that included a linear 

layer, ReLU activation function, dropout with a probability of 0.2, and a final four-class classifier 

(classifier 2). The aim of adding dropout was to prevent the model from becoming overfitted to the 

training data23. A third transfer learning approach added the linear-ReLU-dropout sequence twice 

before the final four-class classifier (classifier 3). 

Statistical analysis 

The best performing model was determined using overall accuracy with the validation dataset. To 

assess the model performance on the test set, the agreement score (Eqn. 2), confusion matrices, 

receiver operating characteristic (ROC) curves, area under the ROC curve (AUC), and ROC micro-

averages24 were calculated and plotted using the Scikit-learn package in Python25.  

Results 

Calculate clinical patient graft scores 

Histological images of tissue engineered cartilage grafts were divided into tiles. The image tiles used 

for scoring were taken from the top, chondrogenic layer of the grafts. The tiles were individually 

scored by two expert users and categorized into four groups; an example of the tiles scored for a 

clinical sample by one user is displayed in Fig. 2. The overall patient MBS was calculated using Eqn. 1; 

in this case the overall MBS is 3.3. The class distribution of tiles scored by one user for each clinical 

patient graft is displayed in Fig. S2. 

User scoring agreement 

Two expert users graded all the tiles in the test dataset. The overall user agreement for the tiles was 

76%, calculated according to Eqn. 2. The normalized confusion matrix shows how images in each 

group were classified differently by each user (Fig. 3A). The overall user agreement for labeling a tile 

as pass (MBS ≥ 3) or fail (MBS < 3) was 95%. The confusion matrix shows how users disagreed on the 

pass or fail label (Fig. 3B). 
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Rounding error 

Traditionally, the MBS allows flexibility for the user to give any score on a continuous scale of 

numbers. In this manuscript the scores are rounded so that they fit into four levels, according to Eqn. 

1. The common half round up method was used, i.e., 2.5 rounds to 3. The effect of this operation 

results in a slight loss of information (Fig. S3). Rounding increased the patient MBS by an average of 

0.30 (standard deviation of 0.14). 

Deep learning model comparison 

CNNs with various architectures were trained and assessed with the validation data. The results are 

displayed in Table 3. In the validation dataset, the number of images in each class was evenly 

distributed, and the overall prediction accuracy of each model was used to compare them. The 

model with the best accuracy on the validation dataset was the transfer learning model using 

DenseNet and the simple, newly trained classifier that mapped the output features from the 

pretrained model to the four classes in our dataset (classifier 1). The validation accuracy was 92.8%, 

thus this is the model we chose for analyzing the test data. 

Deep learning predictions 

All predictions 

The test data were analyzed with the transfer learning model using DenseNet and classifier 1. The 

model predictions were compared to the labels provided by each user. The overall agreement based 

on Eqn. 2 between the predicted labels and the labels provided by user 1 was 78% and 67% for user 2 

(Fig. 4A). 

The agreement between the predicted labels and each user’s labels are displayed in the confusion 

matrices (Fig. 4B and S4A). The model’s ability to predict the user-provided label for images from 

each class are seen in the receiver operating characteristic (ROC) plots and corresponding area under 

the curve (AUC) values in Fig. 4C and S4B. 

Pass/fail prediction 

The agreement between the model and each user to classify the tiles as pass (MBS ≥ 3) or fail (MBS < 

3) was 95% for user 1 and 90% for user 2. Per class, the agreement between the model and user 1 

was 96% for pass and 94% for fail (Fig. 4D). Between the model and user 2, the agreement was 92% 

for pass and 85% for fail (Fig. S4C). 

Overall MBS per patient/sample predictions 

The overall sample MBS was calculated for each clinical patient graft and for each MSC-derived 

engineered cartilaginous micromass cartilage in the test dataset by taking the average grade among 

the tiles per sample, as in Eqn. 1, based on the labels predicted by the model and the labels from 

both users (Fig. 5). The squared correlation coefficient between the overall MBS per sample 

predicted by the model and each user was calculated; the first user R2 = 0.92 and the second user R2 

= 0.81. The overall MBS per sample based on the label from the first vs. the second user resulted in 

an R2 = 0.91. The overall MBS per patient or per sample may depend slightly on the number of tiles 

scored per patient or sample (Fig. S5). 

Discussion 

We showed for the first time that deep learning can be implemented to grade images of tissue 

engineered cartilage according to a histological scoring system that is currently used for the release 
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of grafts in a clinical setting. Transfer learning using a pretrained DenseNet model was selected for 

automated grading and achieved an agreement with expert users that was in the range of the inter-

expert variability.  

The grading of chondrogenic matrix production and cell morphology in histological images is an 

important task in the field of cartilage tissue engineering, which can be scored via the well 

established Bern score8. The grading of nasal chondrocyte-derived tissue engineered cartilage 

products in an ongoing phase II clinical trial  (BIO-CHIP) is an important quality control method for 

characterization and standardization; therefore, these images were included in the test dataset in 

this manuscript. 

The automation of a comprehensive engineered cartilage scoring systems, such as the Bern score, 

has not previously been reported. One component of a comprehensive scoring system, the staining 

intensity, can be calculated automatically without deep learning7. Color deconvolution could be used 

to split the colors based on images of tissue sections stained with only one color (i.e., only safranin O, 

only fast green, or only hematoxylin)26, however, this method includes caveats related to background 

subtraction and that staining can be variable. Attempts to automate the grading of the cell 

morphology category of the Bern score, however, have not provided promising results until now. 

With the recent availability of open source deep learning frameworks, it was natural to explore the 

use of this method to solve the problem of automating the grading of in vitro engineered cartilage. 

The dataset used to train the deep learning model in this manuscript already contains a good amount 

of heterogeneity, with tissues engineered from three different cell types, i.e., NCs, ACs, and MSCs, 

and under some different experimental conditions. The images of the histological tissue sections 

were taken with three different microscopes, resulting in some additional heterogeneity. In the 

future, the models could be retrained with images of engineered cartilage from more donors and 

with other microscope settings to further improve its generalizability. Nonetheless, thanks to the 

variety of images used to train the model, it is already set up to be able to grade engineered tissues 

generated under various experimental conditions. The automation of the Modified Bern Score with 

this model supports the standardization of results across tissue engineering laboratories and 

manufacturing centers around the world. 

To further improve this histological grading model, it could be remade with more fine-grained 

classes. In this manuscript, we binned the scores into 4 classes and we envision the number of groups 

could be increased. This binning resulted in some rounding that needed to be performed  in order to 

calculate the per-sample scores. Although the effect of rounding was minimal here, it may be 

possible that this small rounding effect would classify a sample as passing the release criteria (score ≥ 

3) when it would otherwise be scored as failing (score < 3). 

In this manuscript, grades were grouped into four bins, however, more bins may provide more 

insights about the cells and matrixes, which would allow for the comparison of more detailed 

information between samples. Defining the exact criteria for each group is a challenge, however, as 

we saw one user placing an image in one lower or one higher group than the other user 24% of the 

time. This could be because an image that has a true label that lies on the border between two 

groups could go into either category, due to the subjective nature of manual grading. This 

discrepancy suggests that slightly more strict criteria could be discussed among experts in this field 

for the exact definition of cell morphologies and staining intensities for each discrete grade while at 

the same time highlighting the need for an automated scoring system to increase standardization. 

Encouragingly, users did not place any images in non-consecutive bins. 
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The model had more agreement with the labels provided by user 1 in the test dataset; this is due to 

the fact that user 1 was the only user to provide ground truth labels to the training images. This 

illustrates the dependence that deep learning has in this context on the accuracy of the user 

provided labels. In the future, a set of images should be thoroughly graded by multiple expert users, 

which will necessitate the discussion of more specific criteria for each class. This effort should focus 

on highly confident image labels rather than quantity of images, since we see that thanks to transfer 

learning, convolutional neural networks can be successfully trained for this purpose with just a few 

hundred images. 

When generally classifying histological images of engineered cartilage as passing or failing the release 

criteria established in the clinical trial, i.e., images with an MBS higher than three pass the release 

criteria, and images with an MBS lower than three fail, users agreed on 95% of the labels, whereas 

the model agreed with each user 95% and 90% of the time. The model must be able to accurately 

predict the pass or fail threshold for clinical grafts, because it determines whether the graft can be 

released for implantation in the patient.  

This model could be extended in the future to also assess whether the cells have begun to undergo 

hypertrophy and the process of turning into bone. We envision at least two new categories for the 

scoring system, one for early signs of hypertrophy and one for full-fledged hypertrophy, 

characterized by vesicles and then large cell lacunae27. It would be invaluable to have more rich 

information about native and engineered tissues under various inflammatory conditions associated 

with different pathologies. 

The training dataset in this manuscript consisted solely of engineered micromass pellets, so every 

tissue-containing image tile could be included. The clinical testing dataset, however, had only the 

parts of the images that contained the upper, permeable layer of the scaffold. We had to decide on a 

cut-off boundary between the permeable and impermeable parts of each engineered tissue. This can 

sometimes be complicated if some remaining collagen fibers from the scaffold extend into the upper, 

cartilaginous portion of the mature graft. As with the current, manual Modified Bern Scoring system, 

subjectivity is introduced to the scoring process when a user must decide which regions of the 

engineered grafts to score. A minimum number of tiles may need to be analyzed per patient or 

sample, since the overall MBS grading agreement increased slightly as more tiles were analyzed. In 

the future, the tiling part of the scoring process in this manuscript could be further automated, 

possibly with an attention-based model that more highly weights the most significant aspects of a 

whole slide image28. 

Clinical outcome data after two and five years will be collected from the patients in the ongoing 

phase II clinical trial (BIO-CHIP) using the KOOS scoring system, where patients report scores on 

mobility, pain, ability to do sport, overall quality of life, etc.29. Once this clinical outcome data is 

available, the histological images of the engineered grafts can again be reviewed, and correlations 

with the histological score and other features of the graft5,30 can be investigated. 

In conclusion, thanks to the recent advances in deep learning, it is now possible to automate the 

grading of histological images of engineered cartilage, resulting in faster readouts, reducing the need 

for pathologists with years of experience, and eliminating scoring bias. An automated method to 

score images of engineered cartilage will certainly be of great interest to all researchers who 

investigate chondrogenesis. Moreover, the standardization and increased quantitation of quality 

controls in tissue engineering will allow us to more objectively assess grafts, providing us with richer 

information about the Advanced Therapy Medicinal Products (ATMPs) that are implanted in patients. 

The more accurate the characterization data of regenerative medicines is, the more knowledge we 



83 

 

will have when analyzing the clinical outcome, which will allow for the improved treatment of 

patients. 
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Figure legends 

Fig. 1 

Representative images of histological scores Histological images were given a score (0-3) for the 

safranin O staining intensity and a score (0-3) for the cell morphology. The sum of these two 

categories is the Modified Bern Score, which grades the chondrogenicity of in vitro engineered 

cartilage on a scale of 0 to 6. Here, images were grouped into four categories: MBS 0, MBS 1-2, MBS 

3-4, and MBS 5-6. 

Fig. 2 

Two engineered cartilage grafts from two clinical patients. The tiles used for scoring were taken 

from the top, chondrogenic layer of the graft (some areas are illustrated with red boxes). The tiles 

were individually scored by two expert users and the average score was taken as the ground truth for 

each tile. The tiles were categorized into four groups, and the overall patient MBS was calculated 

based on the number of tiles in each group. Here, the tiles are 122 x 122 μm. 

Fig. 3 

User grading agreement. Agreement between two expert users on grading image tiles (A) into four 

categories and (B) as pass or fail. 

Fig. 4 

Model predictions vs. user labels. (A) The accuracy of the model to predict the labels provided by 

each user and the agreement between the two users. The model predictions compared to the labels 

provided by user 1 are shown in (B) a normalized confusion matrix, (C) ROC curves and AUC is 

displayed for each group along with the micro-average, and (D) a normalized confusion matrix 

displaying the pass/fail agreement. 

Fig. 5 

Model predictions of the overall patient MBS. The overall histological Modified Bern Score for each 

patient was calculated using Eqn. 1 with the labels predicted by the model and the labels provided by 

each user. The predicted patient MBSs are plotted against the true labels provided by each user for 

the clinical patient grafts (patients) and experimental engineered tissues derived from MSCs (expt.). 
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Tables 

Table 1 

The modified Bern score assess histological images of engineered cartilage based on the following 

two categories, each of which receives a score between zero and three. 

Scoring category Score Definition 

Intensity of safranin O 
staining 

0 No stain 

1 Weak staining 

2 Moderately even staining 

3 Even dark stain 

Cell morphology 0 Condensed/necrotic/pycnotic bodies 

1 Spindle/fibrous 

2 Mixed spindle/fibrous with rounded chondrogenic 
morphology 

3 Majority rounded/chondrogenic 
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Table 2 

Samples used for training and testing the models. MSC = bone-marrow derived mesenchymal stem 

cells, NC = nasal chondrocytes, and AC = articular chondrocytes. The labels according to user 1 are 

displayed. 

Dataset Experimental 
or clinical 
samples 

Cell type and 
number of 

donors 

Microscope 
used 

Graded 
by 

Number 
of image 

tiles 

Number of tiles per 
class 

MBS 
0 

MBS 
1-2 

MBS 
3-4 

MBS 
5-6 

Training Experimental  7 MSC, 13 NC, 
and 3 AC 

Nikon Ni 
and 
Olympus 
IX83 

User 1 3330 714 549 862 1205 

Validation 600 150 150 150 150 

Test Experimental  2 MSC (48 
experimental 
conditions) 

Nikon Ti2 User 1 
and 2 

522 166 171 136 49 

Clinical  18 NC Olympus 
IX83 

679 35 14 88 542 

Total test images 1201 201 185 224 591 
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Table 3 

The various models created to classify histological images of engineered cartilage. The training type 

specifies what part of the model was trained. Classifier 1 was a linear four-class classifier. Classifier 2 

removed the pre-trained network’s final classification layer, added a linear layer, ReLU activation 

function, dropout with a p = 0.2, and a final four-class classifier. Classifier 3 included the linear-ReLU-

dropout layer twice before a final four-class classifier. The highlighted model achieved the highest 

accuracy with the validation data and was used to analyze the test data. 

Model Training type Validation accuracy Time to train 

DenseNet Classifier 1 92.8% 15m 40s 

Classifier 2 91.0% 15m 34s 

Classifier 3 91.3% 15m 39s 

MobileNet Classifier 1 91.3% 13m 29s 

Classifier 2 91.7% 13m 29s 

Classifier 3 90.2% 13m 32s 

Small CNN Full training 70.8% 13m 54s 
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Supplementary materials 

 

Cell isolation and expansion 

Articular and nasal chondrocytes 

Human nasal septum biopsies were obtained from patients undergoing reconstructive surgery and 

from patients enrolled in the BIO-CHIP clinical trials (ClinicalTrials.gov, number NCT02673905). Full-

thickness human articular cartilage samples were collected from the femoral lateral condyles of 

patients undergoing partial or total knee replacement. The macroscopically normal articular cartilage 

tissues (i.e., relatively smooth and whitish parts) were processed as previously described31. 

Nasal and articular cartilage samples were cut into small 1-2 mm cubes and enzymatically digested as 

previously described32 with 0.15% collagenase II (Worthington) for 22 hrs at 37°C. After digestion, 

articular chondrocytes (ACs) and nasal chondrocytes (NCs) were plated in tissue culture flasks at a 

density of 1 x 104 cells/cm2 and cultured in medium consisting of complete medium (Dulbecco's 

Modified Eagle's Medium (DMEM) containing 4.5 mg/mL D-glucose and 0.1 mM nonessential amino 

acids, 10% fetal bovine serum (FBS), 1 mM sodium pyruvate, 100 mM HEPES buffer, 100 U/mL 

penicillin, 100 μg/mL streptomycin, and 0.29 mg/mL L-glutamine) (all from Invitrogen). Complete 

medium was supplemented with 1 ng/mL transforming growth factor beta-1 (TGF-β1) and 5 ng/mL 

fibroblast growth factor-2 (FGF-2) (both from R&D Systems)31. Cell were cultured at 37°C and 5% CO2 

in a humidified incubator (Thermo Scientific Heraeus) as previously described with media change 

twice a week. When approaching 80% confluence, cells were detached using 0.05% trypsin-EDTA 

(Invitrogen) and re-plated. Cells were expanded until passage two before used for further 

experiments. 

Bone marrow-derived mesenchymal stromal cells 

Bone marrow-derived mesenchymal stromal cells (MSCs) were isolated from bone marrow aspirates 

and processed as previously described33. Briefly, marrow aspirates (20 mL volume) were harvested 

from healthy donors during routine orthopedic procedures involving exposure of the iliac crest. A 

bone-marrow biopsy needle was inserted through the cortical bone, and the aspirate was 

immediately transferred into plastic tubes containing 15,000 IU heparin. Bone marrow cells were 

seeded at a density of 200,000 nucleated cells/cm2 in α-MEM containing 10% FBS, 4.5 mg/mL D-

glucose, 0.1 mM nonessential amino acids, 1 mM sodium pyruvate, 100 mM Hepes buffer, 100 Ul/mL 

penicillin, 100 μg/mL streptomycin, and 0.29 mg/mL L-glutamate, further supplemented with 5 

ng/mL FGF2 (R&D Systems). Resulting MSCs were cultured at 37°C and 5% CO2 in a humidified 

incubator (Thermo Scientific Heraeus) with media change twice a week. Passage two MSCs were then 

used for engineering 3D micromasses as described below 

Engineered cartilage 

Micromass pellets 

3D micromasses from MSCs were formed by plating 5 x 104 MSCs per well on polyhema-coated 

culture plates as previously described16 in chondrogenic differentiation medium (ChM) (DMEM 4.5 

g/L D-glucose with 100 mM HEPES buffer, 1 mM sodium pyruvate, 100 IU/mL penicillin, 100 μg/mL 

streptomycin, and 0.29 mg/mL glutamate, 1.25 μg/mL human serum albumin, insulin-transferrin-

selenium, 4.7 μg/mL linoleic acid (serum-free medium, SFM), supplemented with 0.1 mM ascorbic 

acid 2-phosphate, 10−7 M dexamethasone, and 10 ng/mL TGF-β3 (Novartis) in 96-well U-bottom 

plates, pre-coated with 2% w/v poly(2-hydroxyethyl methacrylate) (Sigma) to avoid the adhesion of 
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cells to the plate. To promote formation of micro-cartilage aggregates, cells were incubated in ChM 

for 3 days.  

Pellet culture 

NC and  AC expanded until passage two were redifferentiated by culturing as 3D pellets, as previously 

described 34, by centrifuging 5 x 105 chondrocytes at 300 x g in 1.5 mL conical tubes (Sarstedt) and 

cultured for two weeks in ChM. Culture medium was changed twice weekly. 

To increase the heterogeneity of cartilage quality, some pellets and micromassess were generated by 

culturing the cells for 2 weeks in ChM deprived to TGF-β3 or for 2 weeks in complete ChM followed 

by one extra week in ChM deprived to dexamethasone and  TGF-β3 and supplemented with the 

inflammatory citockines pro-inflammatory cytokine IL-1 β (50 pg/mL) TNF-α (50 pg/mL) and IL-6 (100 

pg/mL) 

Engineered cartilage on Chondro-Gide 

Passage two NCs were seeded on the permeable layer of collagen type I/III membranes (Chondro-

Gide; Geistlich Pharma AG) at a density of 4.17 million cells per cm2. The resulting constructs were 

cultured for two weeks in chondrogenic medium consisting of complete medium with 5% autologous 

human serum supplemented with 10 μg/mL insulin (Novo Nordisk), and 0.1 mM ascorbic acid 2-

phosphate (Sigma) at 37°C and 5% CO2 with media changes twice/week. The described protocols 

match the ones used in the context of the clinical trial, where GMP-grade reagents and autologous 

serum instead of FBS are used. Grafts for clinical use are produced at the GMP facility at the 

University Hospital Basel according to standard operating procedures under a quality management 

system, as previously described2.  
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Simple CNN model 

A relatively simple CNN was trained from scratch, similar to Bilaloglu et al.19. The summary of the 

model is displayed here: 

CNN( 
  (conv1): BasicConv2d( 
    (conv): Conv2d(3, 16, kernel_size=(5, 5), stride=(2, 2), padding=(1, 1)) 
    (bn): BatchNorm2d(16, eps=0.001, momentum=0.1, affine=True, 
track_running_stats=True) 
    (relu): ReLU() 
    (dropout): Dropout(p=0.2, inplace=False) 
  ) 
  (conv2): BasicConv2d( 
    (conv): Conv2d(16, 32, kernel_size=(3, 3), stride=(1, 1)) 
    (bn): BatchNorm2d(32, eps=0.001, momentum=0.1, affine=True, 
track_running_stats=True) 
    (relu): ReLU() 
    (dropout): Dropout(p=0.2, inplace=False) 
  ) 
  (conv3): BasicConv2d( 
    (conv): Conv2d(32, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1)) 
    (bn): BatchNorm2d(64, eps=0.001, momentum=0.1, affine=True, 
track_running_stats=True) 
    (relu): ReLU() 
    (dropout): Dropout(p=0.2, inplace=False) 
  ) 
  (conv4): BasicConv2d( 
    (conv): Conv2d(64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1)) 
    (bn): BatchNorm2d(64, eps=0.001, momentum=0.1, affine=True, 
track_running_stats=True) 
    (relu): ReLU() 
    (dropout): Dropout(p=0.2, inplace=False) 
  ) 
  (conv5): BasicConv2d( 
    (conv): Conv2d(64, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1)) 
    (bn): BatchNorm2d(128, eps=0.001, momentum=0.1, affine=True, 
track_running_stats=True) 
    (relu): ReLU() 
    (dropout): Dropout(p=0.2, inplace=False) 
  ) 
  (conv6): BasicConv2d( 
    (conv): Conv2d(128, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1)) 
    (bn): BatchNorm2d(64, eps=0.001, momentum=0.1, affine=True, 
track_running_stats=True) 
    (relu): ReLU() 
    (dropout): Dropout(p=0.2, inplace=False) 
  ) 
  (linear): Linear(in_features=2304, out_features=4, bias=True) 
) 
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Fig. S1  

Modified Bern Score implemented in the phase II clinical trial, BIO-CHIP, divides the length of 

cartilage engineered on Chondro-Gide into nine different areas to be scored. For each of these areas, 

a score from 0 to 3 is given for the staining intensity and another score of the cell morphology. The 

scores of these two parameters are summed to give the MBS. The average MBS across the nine 

regions gives the overall MBS of the graft. The permeable, chondrogenically differentiated, upper 

layer of the graft is scored by the user at each of the nine areas. Some areas may not be able to be 

scored due to histological artifacts due to sample processing, which are ignored during scoring. 
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Fig. S2 

Heterogeneity of tile classes within each clinical sample. Scores from one user are shown as an 

example. 
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Fig. S3  

Large histological images from each clinical patient were divided into smaller tiles, which were 

manually scored. The scores provided by one user are shown as an example here. The traditional 

MBS is calculated using continuous numbers from 0 to 6, whereas in the manuscript, calculating the 

MBS with Eqn. 1 introduces some errors due to rounding, as displayed here. 
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Fig. S4 

Model predictions vs. labels from user 2. (A) a normalized confusion matrix, (B) ROC curves and AUC 

is displayed for each group along with the micro-average, and (C) a normalized confusion matrix 

displaying the pass/fail agreement. 
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Fig. S5 

The overall MBS per patient and per sample in the test dataset agreement between the model 

prediction and each user is plotted. Linear regression with user 1 (solid line) and user 2 (dotted line) 

was performed. 
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Chapter 5: Discussion and outlook 

Discussion 

The aims of this thesis were addressed by first assessing the negative impact of contaminating 

cells on nasal chondrocyte-based engineered cartilage. For the development of identity and 

purity assays, gene expression panels as well as a novel application of Raman spectroscopy 

were investigated. For the development of potency assays, gene expression panels, Raman 

spectroscopy, and the automated grading of histological images of engineered cartilage were 

investigated. 

Defining impurities 

Increasing amounts of contaminating perichondrium in the nasal septum biopsies profoundly 

decreases the quality of engineered cartilage, as seen by less GAG and collagen II production 

during chondrogenic culture. Therefore, it was determined that minimal contamination of 

perichondrial cells must be ensured. Thus, these finding could be used to meet GMP guidelines 

that state the need to define impurities and acceptable impurity levels in the starting materials 

of advanced therapy medicinal products (ATMPs). 

Identity and purity 

Biomarkers were not previously known that could differentiate between the cell types found in 

nasal septal biopsies. Investigating differentially expressed genes between perichondrial cells 

and chondrocytes revealed collagen II as a marker of nasal chondrocyte identity and versican, 

MFAP5, and nestin as markers of perichondrial cell identity. For a purity assay, a model 

correlating the expression of multiple gene expression markers to the purity of a mixed cell 

population was developed. To further develop gene expression-based purity assay, more 

samples should be collected and analyzed. Transcriptomic analysis would aid in the selection 

of yet undiscovered genes that could better differentiate the two cell types. 

Recent reports have shown that Raman spectroscopy is a promising method for the 

nondestructive analysis of complex biological samples such as homogenous cell lines and 

animal-derived materials. In this thesis, Raman spectroscopy and statistical learning were used 

to develop a nasal septal tissue identity assay. This is the first published report proposing the 

application of Raman spectroscopy for the development of tissue identity/purity assays for 

advanced therapy medicinal products (ATMPs). Complications due to the analysis of clinically 

relevant cells, i.e., primary human samples, highlight the need to a for quantitative quality 

controls. With Raman spectroscopy, the entire patient sample that will actually be used to 

produce an engineered cartilage graft can be assessed. In the future, more biopsies should be 

measured under the exact conditions that will be used for the GMP-compliant production of 

engineered grafts to validate the process and obtain gold-standard reference Raman spectra. 
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Potency 

Currently, within the BIO-CHIP project, the only potency assay in place for the analysis of 

nasal chondrocyte-derived tissue engineered cartilage was the manual histological scoring of 

safranin O-stained tissue engineered graft sections using a modified version of the well-

established Bern score (133), i.e., modified Bern score (MBS). Manual scoring has 

disadvantages due to requiring extensive user training, inter-user variability, lack of 

standardization, and potential bias. Therefore, in this thesis, thanks to recent advances in deep 

learning, it was shown for the first time how grading histological images of engineered cartilage 

could be automated. Future work could utilize this automated method to score histological 

images for all kinds of experiments where cartilage tissue is engineered, such as when assessing 

the chondrogenic capacity of mesenchymal stromal cells.  

Patients with large cartilage defects may not be able to afford to sacrifice parts of the engineered 

grafts for destructive quality controls. Therefore, further potency assays were investigated in 

this thesis that could be performed nondestructively, which will also allow for more 

comprehensive characterization. Gene expression of expanded cells before the chondrogenic 

phase of culture were correlated with the amount of GAG produced and the final histological 

score in engineered cartilage. The gene expression-based potency assay could be extended in 

the future when novel gene expression markers that relate to enhanced chondrogenic capacity 

are discovered. 

Additionally, Raman spectroscopy was used to assess the maturity of tissue engineered grafts 

to investigate the development of a nondestructive potency assay. Notably, the collagen scaffold 

that provides crucial mechanical stability to the graft makes such an analysis challenging. 

Machine learning was used to analyze the Raman spectra and thus, a potency assay could be 

put forth to assess graft maturity while overcoming the additional challenge of simultaneously 

acquiring strong background signal from the collagen scaffold. The next step to implement this 

potency assay for the production of tissue engineered grafts is to finalize a library of reference 

Raman spectra from engineered cartilage of varying quality produced according to GMP 

compliant methods. 

Conclusion 

Each chapter of the thesis covers specific aspects about developing quality controls for tissue 

engineered cartilage. When the chapters are taken together, as in this thesis, a far richer picture 

of each tissue engineered product is captured. Where the cells derive from, what cell type they 

are, their chondrogenic capacity, and a comprehensive assessment of the final product were 

open questions before the respective quality controls were developed. Yet, there is an urgent 

need to be more precise about the identity of cells used in cellular and tissue engineered 

therapies and their potency. This thesis aimed to shed light on the properties of tissue engineered 

grafts and has succeeded in proposing the application of analytical tools and data analysis 

techniques for advanced characterization assays. 
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Outlook 

The methods and analyses reported in this thesis are novel for nasal-chondrocyte derived tissue 

engineered cartilage and may also be applicable for the development of characterization assays 

for cell and tissue engineered therapies using chondrocytes or mesenchymal stromal cells from 

other sources. It can be envisioned that commercially available therapies and those currently in 

clinical trials, could benefit from the quality control development methods described in this 

thesis.  

In this thesis, two types of cells were identified in nasal septal biopsies, however, these 

definitions could potentially be revised in the future, if new cell types or subtypes are 

discovered, such as from the illusive cambium layer or through comprehensive proteomic and 

transcriptomic analysis. The methods described in this thesis would still be applicable, but the 

respective models would have to be recomputed if new cell types were to be identified.  

Research in the Tissue Engineering group has already begun to perform single-cell 

transcriptomic profiling of neural crest-derived adult human nasal chondrocytes and progenitor 

neural crest cells in mice. This comparison could lead to the discovery of subpopulations of 

highly potent chondrocytes in the adult cell population and naïve cells with high chondrogenic 

capacity in the progenitor cell population. If novel gene expression markers of chondrogenic 

identity or capacity are found related to their neural crest origins, the quality controls in this 

thesis could be updated. 

The next steps required to implement a Raman spectroscopy-based quality control include 

purchasing or building a Raman spectrometer that could either be placed in the area of the clean 

room that contains the incubators or a hand-held Raman probe that could be introduced into the 

laminar flow hoods. If a spectrometer is placed outside the laminar flow hood, sterile containers 

need to be used in which the grafts can be placed and through which the Raman spectra can be 

collected, such as through a thin cover glass. If a probe is used inside the laminar flow hood, 

the grafts could be measured directly, without the need to transfer the graft in and out of the 

hood. In either case, the clean room will have to be carefully designed to incorporate the Raman 

instrument, and requalified according to GMP guidelines. The Raman spectra should be 

collected from samples that are prepared according to the GMP compliant manufacturing 

process to create an official library of reference spectra. 

The automated grading of histological images of engineered cartilage using deep learning 

method proposed in this thesis could be further developed in the future. The dependence that 

the accuracy of the investigated deep learning models had on the user provided labels was 

clearly illustrated and is the main point that should be improved to further develop this method. 

Therefore, in the future, a set of images should be thoroughly graded by multiple expert users, 

which will necessitate the discussion of more specific criteria for each class. This effort should 

focus on highly confident image labels rather than quantity of images, since that thanks to 

transfer learning, convolutional neural networks can be successfully trained for this purpose 

with just a few hundred images. Further research could analyze engineered grafts that are 

automatically graded for its other characteristics as well, such as biochemically quantified 
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amount of GAG and cartilage gene expression. To implement this automated grading method 

as a release criteria in future clinical trials, the method should be validated and shown to be 

applicable to histological images created under various conditions, especially on cryosectioned 

tissues; cryosectioning tissues reduces the sample preparation time by at least a day compared 

to the sectioning of paraffin-embedded samples, however, cryosectioning is also associated 

with more histological artifacts that makes grading more challenging. Many further applications 

of this automated grading method can be envisioned, such as for the assessment of MSC 

chondrogenic lineage capacity and for the comparison of engineered cartilage quality across 

different experiments and labs. 

The definition of a high quality graft may need to be revised as more long-term clinical outcome 

data are collected. In the future, MRI results will reveal how well the tissue engineered products 

were able to integrate into the cartilage defect, especially around the edges. Although tissue 

engineered grafts may provide superior biomechanical support to the implanted cells and to the 

knee joint once implanted, future research may reveal that a nasal chondrocyte cellular therapy 

in combination with a collagen scaffold can better integrate into the cartilage defect. If this is 

the case, the definition of the product’s mode of action will need to be updated and new potency 

assays would have to be developed.  

In the future, the production of tissue engineered grafts will need to be scaled up, automated, 

and further standardized. For this purpose, self-contained bioreactors are being developed that 

will require minimal user manipulation. The quality controls developed in this thesis could be 

adapted as in-process controls for the bioreactor-based production of grafts via the gene 

expression profiling of the cells that are introduced into the bioreactor, with an integrated 

Raman probe that can noninvasively monitor tissue maturation inside the bioreactor, and with 

the automated grading of the engineered tissue.  

Unpublished preclinical studies performed in the Tissue Engineering group at the University of 

Basel showed that nasal chondrocyte-derived tissue engineered cartilage implanted in the 

osteoarthritic joints of sheep not only integrated well with the surrounding tissues and 

participated in cartilage repair, but also bestowed anti-inflammatory effects. Thanks to these 

promising results, two patients with osteoarthritic cartilage lesions were treated with this 

procedure. For the treatment of osteoarthritic cartilage lesions, we hypothesize that our tissue 

engineering cartilage grafts have a dual mode of action: filling of cartilage defect with hyaline-

like tissue and secretion of anti-inflammatory or catabolic factors. Therefore, novel potency 

assays would have to be developed that assess these secreted factors.  

Once the clinical outcome data is collected, two and five years after treatment, they can be 

correlated to the product characterization data. Expression of specific or combinations of genes, 

Raman spectra, or histological image features may be revealed to be far more important for the 

prediction of clinical outcome than can currently be hypothesized. Moreover, combining the 

characterization data discussed in this thesis may be a key in further understanding the function 

of the tissue engineered products in vivo. 

In conclusion, we have put forward assays for identity, purity, and potency to help ensure the 

safe and effective clinical use of nasal chondrocyte-derived tissue engineered cartilage. These 
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approaches could be relevant for the development of quality controls for other products in the 

emerging field of regenerative medicine, one of the biggest challenges for advanced therapy 

medicinal products to overcome for clinical translation. 
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