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ABSTRACT 
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David Szlachtycz     Advisor: 

University of Guelph, 2020.    Geoffrey Wood 

 

 

 

In this study, analysis was done on matched normal, primary, and metastatic samples of 

canine appendicular osteosarcoma that were preserved by either formalin fixation or freezing.   

The frozen samples were analyzed for copy number aberrations, RNA expression, and 

somatic variants, using arrayCGH, RNA microarrays, and DNA sequencing data.  Comparison of 

DNA ploidy and RNA expression between matched primary and metastatic samples showed few 

significant changes suggesting that most changes happen before metastasis.  Matched primary 

and metastatic samples from the same patient shared more somatic variants with each other than 

with samples from the same group.   

The frozen and formalin fixed samples were compared to analyze the artifacts caused by 

formalin fixation.  The results showed that formalin fixed samples had lower quality properties 

than their frozen counterparts.  Despite this, the formalin fixed samples still retained many of the 

biological patterns present in their frozen counterparts. 
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1 Introduction 
 

Canine osteosarcoma is the most common bone cancer in dogs, with roughly 10,000 new 

cases diagnosed each year in the United States(1).  It is an aggressive neoplasm which causes 

local destruction of the skeleton, resulting in both production of osteoid matrix and osteolytic 

lesions.  Appendicular osteosarcoma, which most often originates in the distal femur, proximal 

tibia, distal radius, and proximal humerus is the most common type of osteosarcoma accounting 

for roughly 75% of all osteosarcoma cases(2), with the remaining 25% mostly being in the axial 

skeleton (3,4).  Sex does not affect the risk of getting this disease, though body size is a major 

factor, with dogs that weigh over 25kg accounting for more than 90% of all canine osteosarcoma 

cases(5).  Along with size, breed has also been shown to be a factor in the risk of developing 

osteosarcoma, when lifespan was considered (6).  Breeds that are at an increased risked of 

developing osteosarcoma include: Great Danes, Rottweilers, Saint Bernards, German Shepherds, 

Boxers, Irish Wolfhounds, Irish Setters, Greyhounds, Great Pyrenees, Doberman Pinschers, and 

Golden Retrievers (7,8). 

Osteosarcoma is also the most common primary bone cancer in humans.  It has two age 

ranges where it commonly occurs, during the second decade of life, and late life (9).  In young 

individuals it commonly occurs in locations of high bone growth.  The 5-year survival rate of 

osteosarcoma is comparatively high at 80%, but for those with metastatic tumours this survival 

rate drops to 46% (10).  Despite recent advances in the understanding of osteosarcoma, this has 

failed to translate into increasing the survival rate of those with the disease. 

Though the root causes of osteosarcoma in humans are not well understood, it is known that 

the risk of developing osteosarcoma is increased in individuals with genetic diseases such as Li 

Fraumeni disease, hereditary retinoblastoma and to a lesser extent, mutation in RECQ (11).  

Orthopaedic prosthesis (12), is known to increase risk of developing osteosarcoma, though it has 

a small increase.  The FBJ virus (13) is also known to increased risk of developing osteosarcoma 

in animal models, but it is unknown whether this also applies to humans or dogs.  

The known risk factors and recent studies suggest that osteosarcoma is initiated when 

epigenetic and genetic factors disrupt the differentiation of osteoblasts from mesenchymal 

precursors (14).  These disruptive genetic and epigenetic factors are though to lead to a high 

level of genomic instability.  Genomics studies have shown that human osteosarcomas have 

higher rates of copy number aberrations and single nucleotide variants, compared to other 

cancers (15–18), though some studies have reported that copy number aberrations are more 

prevalent than single nucleotide variants (19,20).  The high prevalence of structural variants 

characterizes the disease in both humans and dogs. 
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Canine osteosarcoma shares many similarities with human osteosarcoma. Studies have 

shown that there are homologous copy number aberrations between dogs and humans (21).  

Canine osteosarcoma also shares many characteristics with human pediatric osteosarcoma (22).  

Canines have several advantages as model organisms compared to mouse models, including their 

high spontaneous incidence of osteosarcoma and the fact that they are exposed to many of the 

same environmental variables as humans.  Due to the similarities between canine, and human 

osteosarcoma, as well as the advantages of using canines as a model organism, canine 

osteosarcoma has been proposed as a highly relevant model for human osteosarcoma (23).  This 

proposal is discussed in more detail below. 

 Studies that investigate osteosarcoma variants usually rely on DNA sequencing, of either 

targeted regions or the whole genome.  The sequences are then aligned to a reference genome to 

give aligned sequences from which variants can be called.  More recent studies have used 

matched normal tissue to filter out germline variants from the called variants and to get the 

somatic variants of interest (24,25).  These studies have found that osteosarcoma has relatively 

few recurrent insertions or deletions (indels), and single nucleotide variants (SNPs), but does 

have recurrently mutated genes, many of which are known to be ‘driver genes’ in other cancers.  
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2 Literature Review 
 

2.1 Introduction 
 

Osteosarcoma has been reported in many different groups of animals such as humans, 

dogs, cats, bears, lizards, fish, and has even been reported in fossilized dinosaurs, and ancient 

turtles(26).  Despite the wide range of organisms afflicted by this disease, the frequency of its 

occurrence varies between species.  In humans, osteosarcoma is a relatively rare disease, making 

it difficult to study.  To overcome these issues a model organism could be used to better 

understand the disease.  One such organism, which is being used as a model for osteosarcoma, is 

the dog. 

 

2.2 Dogs as a model for Osteosarcoma 
 

Dogs have many advantages as model organisms.  The dog genome is more similar to the 

human genome than the mouse genome is, in terms of conserved sequences, and rate of 

nucleotide divergence (27,28), making medical studies on them potentially more applicable to 

humans.  They share many diseases with humans which arise as complex polygenic traits, 

making them more feasible than mice where these diseases are commonly caused by single gene 

knockouts or other genetic engineering.  Dogs have a shorter lifespan than humans allowing for a 

faster rate of testing the significance of clinical trials (23,29–31).   

Dogs also are exposed to a similar environment as humans and receive more veterinary 

care than most other animals, allowing for a greater amount of disease surveillance that may be 

more transferable to humans (32).  This close relationship has been used to argue for the use of 

disease surveillance in dogs as an early warning system for disease causing variables to which 

humans are exposed (32).  There have been many examples of variables which have been linked 

to both human and canine cancers.  Both humans and dogs which lived in counties in the United 

States which had greater industrial activity were more likely to develop bladder cancer (33).  

Tobacco smoke has also been shown to increase the risk of lung cancer, in both dogs and humans 

(34). 

Cancer is the most common cause of death in dogs in industrialized countries (35).  Many 

of the cancers which afflict dogs also afflict humans, such as osteosarcoma, melanoma, non-

Hodgkin lymphoma etc. (23,31,36,37).  Cancers in dogs are also known to be clinically and 

pathologically similar to their human counterparts (23,31,36).  These cancers are known to have 

differential risk between breeds, which would suggest that the factors that underlie them are 

genetic.  Though these cancers have similar properties between dogs and humans they have 

different frequencies in their respective population.  Some of these cancers are more common in 



4 
 
 

 

dogs than in humans making them attractive for studying, as they may be harder to study in 

humans, or may not be feasible, due to how rare they are in humans. 

Canine osteosarcoma is 10 times more common than its human counterpart (22).  Both 

diseases have similar clinical representation, and canine osteosarcoma from certain predisposed 

breeds is known to have similar characteristics to human pediatric osteosarcoma (22).  In dogs, 

breed is a major factor which affects the risk of developing osteosarcoma.  It has been suggested 

that this may be due to germline mutations present in high frequency in the affected breeds (24), 

which would suggest that knowledge on how these mutations operate could be transferable to 

humans.  In addition to this there have been many genes found to be recurrently mutated in both 

human and canine osteosarcoma. 

Due to the higher prevalence of canine osteosarcoma, and the characteristics it shares with 

human osteosarcoma, some studies have argued for it being used as a model for the human 

disease (23).   

 

2.3 Metastasis in Osteosarcoma 

 

Metastasis is a term used to describe the process by which cancer cells from a primary 

tumour travel to and colonize distant parts of the body.  For most cancer types, it is the primary 

cause of mortality, with an estimated 90% of all human cancer deaths being attributed to 

metastasis (38).  This process is divided into a series of steps known as the metastatic cascade 

(39).  In order to complete this cascade, cancer cells must first invade the surrounding local 

tissue.  Then they must detach from their tumour and intravasate into the circulatory or lymphatic 

system.  There they must evade the immune system, while surviving in these harsh conditions.  

These systems will spread the cancer cells around the body, until those cells extravasate at some 

capillary bed and start colonizing distant tissue resulting in a metastatic tumour. 

Studies have investigated the changes that occur between primary and metastatic 

tumours, including epigenetic changes, single nucleotide variants, and copy number aberrations.  

As of writing this paper these studies have only been done in a limited number of human cancers, 

such as breast, renal cell carcinoma, melanoma, and colorectal cancer (40–45).  The goal of these 

studies was to find molecular changes that could help explain how metastasis develops, and why 

so many treatments that work on primary tumours fail to have the same effect on metastatic 

tumours.  Breast cancer studies have shown that matched primary and metastatic tumours were 

highly similar, sharing somatic mutation patterns (46), and chromosomal rearrangements (47).  

In contrast, colorectal cancer has been shown to have more discrepancies between primary and 

metastatic tumours, though some metastatic tumours amplified a common set of clinically 

actionable genes (40).  In addition, this study also found multiple genes that were recurrently 

mutated in metastasis.  One breast cancer study found genes which were recurrently mutated 

only in metastasis, such as ABCA13, DCC and TIAM2, though none of these genes were 
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universally affected in all individuals, suggesting that there are multiple possible driver genes 

that cancers can use to metastasize (48).  Overall, these studies show that there are no universally 

affected genes which are responsible for cancer transitioning to metastasis and suggest that in the 

future a more personalized approach will be needed to help treat patients suffering from 

metastatic disease. 

Metastasis is the primary cause of mortally in canine osteosarcoma.  Dogs with evidence of 

metastasis during diagnosis will survive an average of only 76 days after being diagnosed (49), 

while dogs that survive 1 year after diagnosis have a 54% chance of developing metastases (50).  

Despite very few dog and human patients having radiological evidence of any metastatic 

tumours during diagnosis, most will still go on to develop metastatic tumours after surgery, 

suggesting that micrometastases were seeded early in the development of this disease (51).  

Osteosarcoma has a high propensity to metastasize to the lungs, in both dogs and humans, 

suggesting that there are common factors that influence the site of metastasis.  If these factors are 

to be better understood it may be possible to stop or deter the formation of these pulmonary 

metastases, which would potentially save patients’ lives.  Molecular studies have shown that the 

expression level of certain genes is associated with a dog’s survival time at diagnosis, suggesting 

that it could be possible to tell whether a dog has undergone metastasis by checking the 

expression of levels of certain genes (52).  In particular genes in the Wnt and 

chemokine/cytokine signaling pathways were associated with dog survival, suggesting that these 

signatures are contributing to metastasis through their involvement in cell proliferation, drug 

resistance, and metastasis (52). 

   

2.4 Osteosarcoma Variants 
 

Human osteosarcoma is known to have some of the highest mutation rates of all human 

cancers (15–18).  Various studies have been conducted to discover variants in canine 

osteosarcoma, yielding comparatively few common somatic variants.  Localized hypermutation 

has been reported in some samples, also known as kataegis, though in various amounts, ranging 

from 50% to 85%.  These processes are most likely not as significant as copy number aberration 

and single nucleotide variants in the development of cancer, as they do not usually occur in 

recurrently mutated sites, though they do show that there is a high level of genomic instability.  It 

has also been reported that different breeds of dogs have germline mutations which may increase 

their risk of developing osteosarcoma (24).  Despite there being very few known somatic 

variants, which are common in osteosarcoma (19), there are genes which are known to be 

recurrently mutated.   

This genomic instability in osteosarcoma has been linked to recurrent mutations or 

alterations in RB1, and TP53 (53,54).  Both these genes are known to be commonly mutated in 

both human and dog osteosarcoma (55,56).  These two tumour suppressor genes are known to be 
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involved in maintaining genomic stability (53,54).  This is supported by knockout studies which 

showed that deletion of these genes in murine osteoblasts induces a metastatic phenotype which 

shares many features with human osteosarcoma (57).  

Studies have shown that one of the most recurrently mutated genes in humans is the 

tumour suppressor TP53 (19,20), with one study reporting that 75% of their 59 human patients 

had TP53 alterations (20).  Despite this it is reported that there are relatively few single 

nucleotide variants in TP53, with most of the mutations being translocations, and focal deletions 

(19).  The majority of these mutations were found in the first intron, suggesting that these 

mutations are either inactivating or truncating the protein.  Tumours with predicted missense 

mutations in TP53 have been shown to have higher genomic instability (58).  The 

downregulation or disruption of TP53 has also been shown to be associated with osteosarcoma.  

Overall these findings show that the absence or low quantity of functional TP53 is a key 

component of osteosarcoma.  Some studies going as far as to suggest factors which affect TP53 

may be the initial cause of osteosarcoma, as this leads to genomic instability that allows the 

cancer to develop through the rearrangement of its genetic material and gain of mutations.   

Apart from TP53 and RB1 a few other genes are also recurrently mutated with single 

nucleotide variants though not as commonly.  This group includes genes such as ATRX, DLG2, 

SETD2, RUNX2, PTEN, CDC27, MUC2, and EI24.  Many of these genes are known to be 

involved in processes important in other cancers.  The gene ATRX is involved in regulating the 

maintenance of telomeres, which are known to play important roles in other cancers (59).  

CDC27 is involved in the cell cycle (60), which is frequently aberrant in cancer.  Some genes 

have been reported to be differentially altered between human and canine osteosarcoma.  SETD2 

is an example of such as gene, as it has been shown to be mutated in roughly 2% of human 

osteosarcoma (61), and 21% canine osteosarcoma samples studied (24).  Histone modifiers, such 

as histone acetyltransferases (HATs), histone deacetylases (HDACs), and histone 

methyltransferases (HMTs), have also been reported to be recurrently mutated in canine 

osteosarcoma (24) which may explain why histone modifier inhibitors have shown to cause cell 

death in canine and human osteosarcoma cell lines (62). 

Studies have also shown that when structural variants and single nucleotide variants were 

considered together, inactivating mutations were found in the TP53 pathway in roughly 95% of 

human osteosarcoma tumours (19).  This would suggest that the reason why all the other genes 

aren’t commonly mutated is because there are many possible ways of affecting the TP53 

pathway.  The genes that are recurrently mutated but not involved in the TP53 pathway are 

usually involved in other cell processes that are known to be important in other cancers, 

suggesting that they may be adaptations that help osteosarcoma but aren’t necessary to initiate 

the disease. 
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2.5 Osteosarcoma Copy Number Aberration 
 

Copy number aberration is a prevalent hallmark of Osteosarcoma in both humans and 

dogs.  These copy number aberrations are a result of the high genomic instability in 

osteosarcoma and, in an oligonucleotide array comparative genome hybridization study, these 

copy number alterations have been shown to be homologous between canine and human 

osteosarcoma (21).  This same study also found that the expression of some genes, such as 

RUNX2, TUSC3, and PTEN, is correlated to their change in ploidy.   

Structural variants are more common in osteosarcoma as compared to other cancers.  This 

includes variants caused by the catastrophic destruction and reassembly of a chromosome known 

as chromothripsis, which is present in an estimated 33% of all human osteosarcomas while being 

present in an estimated 2-3% of other human cancers (63).  It is thought that this genomic 

instability is due to mutations in TP53 and RB1.  Recent studies have supported this hypothesis 

by reporting that the loss of TP53 in canine osteosarcoma is correlated with increased copy 

number aberrations (24).  Though the mutation and downregulation of TP53, is common among 

cancers, osteosarcoma is more susceptible to structural variants than other cancers.  This would 

suggest that there are other factors that need to be present for the initiation of osteosarcoma, or 

that there are factors in bone which make structural variants more likely to occur. 

Various genes have been reported to be affected by changes in copy number in both human 

and canine osteosarcoma.  One study found that 80% of canine osteosarcoma samples had 

deleted EDNRB, and those that did not had down regulated it, suggesting that it is a tumour 

suppressor (24).  The gene EDNRB is known to be a nonspecific receptor for EDN1, which has 

been implicated in promoting canine osteosarcoma tumourigenesis in other studies (64).  The 

gene CDKN2A/B is known to be deleted or inactivated in human osteosarcoma samples without 

a mutated RB1 gene (65) and has been reported to have copy-number alterations in most canine 

osteosarcoma samples tested (24).  It has been suggested that CDKN2A/B copy number 

aberrations in canine osteosarcoma, play a similar role to RB1 in human osteosarcoma. 

 

2.6 Variant Calling1 
 

Variant calling comes in many forms depending on the type of variant that is being called, 

and properties of the sample(s) being sequenced, such as heterogeneity, ploidy, etc.  By knowing 

some basic properties of the sample(s) it is possible to make assumptions which decrease the 

number of false positives and increase the accuracy of the variants being called.  For this reason, 

                                                             
1 A variety of tools are used to call variants.  These tools get updated and as such their version changes.  In this 
review only the most recent version of a tool (as of 2019) will be mentioned unless there is reason to mention 
prior versions.  For example, Mutect will be mentioned over Mutect2. 
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different algorithms need to be used to find different types of variants, which could be broadly 

classified as indels, single nucleotide variants, and structural variants.  Similarly, different 

germline and somatic variants also need different algorithms.  Germline variants come in high 

frequencies in a sample, making it easy to remove the low frequency artifacts from the dataset.  

Due to this, it is safe to assume that these variants will be present in allelic frequencies (AFs) 

between 50-100%, essentially in one of three genotypes: AB, AA, or BB (66–69).  Somatic 

variants are much harder to call because most of them are present in the sample at low 

frequencies.  This means that an effective method is needed, to discriminate between artifacts 

and low frequency somatic mutations.  To do this, a variety of sensitive statistical modelling and 

error correction methods have been developed to call these variants.  For the purposes of this 

literature review, I will only discuss somatic and germline variant calling, from a single 

organism.  

Variant calling tools are usually single components of a bioinformatics pipeline, which is a 

computational procedure comprised of several tools, in a specific order, such that each tool can 

input its outputted results into the next tool in the pipeline. The purpose of these variant calling 

pipelines is to extract variants from raw reads that have been sequenced from a sample(s) of 

interest.  This is usually done in four steps: pre-processing, aligning, processing alignments, and 

variant calling.  

The preprocessing step involves removing low quality bases in reads.  For example, reads 

usually have the low-quality bases found on their ends, and exogenous sequences such as 

adapters removed, in a process called ‘trimming’ with tools such as Cutadapt (70).  The reads are 

then aligned to a reference sequence(s), with a bioinformatics alignment tool.  Commonly used 

tools for DNA sequences include burrows-wheeler aligner (BWA) (71), and Bowtie2 (72).  

Some aligners are designed for RNA-seq data, such as STAR (73), and TopHat2 (74), with the 

added feature of being splice site aware allowing them to align spliced RNA.  The aligned reads 

are usually processed again to increase their quality and filter out poorly aligned or unaligned 

reads.  This step will commonly perform de-duplication, indel-realignment, and base quality 

recalibration.  Some pipelines will perform local indel realignments, but this is not necessary if 

the variant caller being used does this already by default.  Another optional step is to align indels 

to the right or left, which will allow complex indels to be compared.  The final step is to call 

variants from these alignments. 

 Overall variant calling tools consist of at least three steps: pre-processing, variant 

evaluation, and post-filtering.  The main purpose of the pre-processing step is to stop low quality 

reads from being used in any further steps, as they will skew the results and make them less 

reliable.  The quality of the reads is usually assessed by measures such as: average base quality, 

number of mismatches, and mapping quality (75).  This step also uses marked PCR duplicates, 

which were marked by samtools(76) or picard(77), prior to variant calling, for statistical reasons, 

and in some tools such as VarDict (78), Strelka (79), and Mutect2 (80), local indel realignment is 

performed.  Down-sampling, which refers to the random selection of reads to use in further steps, 
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is usually performed towards the end of this step.  It is also common to analyze the data at this 

step with tools, such as FastQC2, to check summary statistics for the raw reads, such as GC 

content, sequence quality, sequence duplication score, and various other scores meant to check 

the quality of the raw data. 

 The variant evaluation step is the main step in a variant calling tool.  There are many 

different algorithms used in this step which are commonly tailored to a specific type of data 

input, sample type, and the type of variant being called.  As such, these algorithms can be placed 

into several categories, such as: matched tumour-normal variant calling, single-sample variant 

calling, UMI-based variant calling etc. (75). 

 The final step is the post-filtering step which aims to correct any errors made in previous 

steps by removing any sequencing and alignment artifacts that may have been let through due to 

factors such as not having enough read evidence or problems in the algorithm.  This is usually 

done through a series of filters that check the called variants for known markers of error.  

Common issues that filters look for include strand bias, which is a known artifact in illumina 

reads (81,82), and regions prone to alignment errors, such as low complexity regions, 

microsatellites etc. (83,84).   

Variant callers differ in the types of variants they call and the methods they use to 

accomplish these calls.  These methods are often very specifically tailored to a type of sample or 

input and will frequently have methodological overlap between each other.  The variant caller 

properties have to be taken into consideration when choosing one for an experiment.  As 

mentioned above no variant caller is versatile enough to call all types of variants.  Most variant 

callers will call single nucleotide variants, but not all variant callers will call indels, complex 

variants or any structural variant.  There are also specialized variant callers which are meant to 

find very specific type of variant, such as Manta(85), which specializes in calling indels and 

structural variants, Delly(86) which calls a variety of structural variants, including translocations, 

and Varscan2(68), which has a tool to call copy number aberrations, in cancer samples, using 

called variant data.   

Unlike germline variant calling, somatic variant calling from tumour samples have many 

possible problems that should be taken into consideration.  Tumour samples are a heterogenous 

population, with multiple sub-clonal populations, and variations in copy number.  This means 

that variant frequencies and ploidy can’t be assumed.  This also means that variant frequency 

will usually be very low, and no ploidy assumption can be made.  Tumour samples contain 

varying amounts of normal tissue, which can also have a high frequency of germline mutations.  

If the variant caller does not take normal germline variants into consideration, then it will discard 

the low frequency somatic variants and return the high frequency germline variants.  For these 

                                                             
2 Andrews S (2018) FastQC. Available: http://www.bioinformatics.babraham.ac.uk/projects/fastqc/. Accessed 2018 
August 25. 
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reasons’ germline-aware variant callers have been developed such as VarScan2 (68), VarDict 

(78), Mutect2 (80), and Strelka2 (79). 

Variant callers with algorithms based on joint-genotype analysis, such as: 

SomaticSniper3(87), FaSD-somatic(88), JointSNVMix2(89), and Virmid(90), are not sensitive 

enough to calling low frequency variants because they are designed for low coverage data (80).  

This is due to built-in assumptions such as the assumption of diploidy, which help when 

searching for variants with high frequencies.  It has been found that in order to accurately call 

low frequency variants, either a modeller that models allele frequency directly (such as 

Strelka2(79), MuTect2(80), LoFreq(91), and EBCall(92)), or a variant caller based on heuristics 

(such as VarDict(78), and Varscan2(68)), with carefully chosen thresholds (36,93), should be 

used. 

 According to some reviews, the majority of the current somatic variant callers are 

designed to call variants using matched tumour normal samples from the same patient (75).  

These tools generally use normal samples to distinguish somatic variants from germline, and in 

some tools, loss of heterozygosity variants.  Due to the accuracy and precision of this general 

method, it has been used to effectively identify somatic variants and commonly mutated genes in 

a variety of different cancers, such as those available at the ‘The Cancer Genome Atlas’ (94), 

melanoma(95), uveal melanoma(96), pancreatic neoplasm(97), hepatocellular carcinoma(98), 

and more recently in canine osteosarcoma (24,25).  Despite the successes of this method, it 

comes with drawbacks.  These experiments require twice as many samples that need to be 

sequenced, and analyzed, which makes them more expensive and time consuming to complete.  

These methods also exclude data sets which had only sequenced tumour samples.  Due to these 

issues some researchers still call somatic variants in tumour samples without the need for a 

normal sample (99), using tools such as the GATK Unified Genotyper (100).  These methods 

have been shown to not be as effective as tools with matched normal samples, because they 

report more false positives(101).  Despite this approach is still common in clinical testing (101). 

 A variety of benchmarks have been used to try and compare the performance of different 

variant callers (75).  These studies usually use data sets which have very confident variant calls, 

such as specific individuals in the 1000 genome project published by the Genome in a Bottle 

(GIAB) Consortium (102).  These studies have shown that variant callers are very 

dyssynchronous, with some examples showing that different variant callers can give very 

different results on the same data set.  One of the ways in which these tools fail to come to the 

same conclusion is in calling complex variants.  These variants can consist of a combination of 

multiple indels and single nucleotide variants (75).  Variant callers have also been known to 

differ in the indels they call, sometimes due to there being multiple ways in which they can be 

called with no way of knowing which one is correct.  This makes it complicated to compare 

                                                             
3 SomaticSniper has largely fallen out of favor, as of 2019.  Its GitHub page: https://github.com/genome/somatic-
sniper, hasn’t been updated in 4 years.  Despite this it remains one of a few variant calling tools which can handle 
the case where there are cancerous cells contaminating the normal sample. 

https://github.com/genome/somatic-sniper
https://github.com/genome/somatic-sniper
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variants generated from different variant calling tools.  There have been tools designed to help in 

these situations, known as variant normalization, and variant comparison tools (75), such as ‘vt 

normalize’ (103), and ‘vcfeval’ (104).  Due to the shortcomings of variant callers, researchers 

often resort to visually inspecting variants using aligned read visualization tools such as 

SeqMonk4, and/or only considering variants with allelic frequencies above a certain threshold. 

 

2.7 Comparison of FFPE and Frozen Samples 
 

 Samples from the same source have been shown to have different properties depending 

on how they were preserved.  The process of preservation often damages the DNA sequences 

found in the samples which affect sequence quality, read lengths, as well as number of reads 

which can be extracted.  In the case of FFPE preserved samples these errors are known to 

accumulate over the time that samples are stored (105).  These changes have been shown to 

affect the results of various bioinformatics tools that process or analyze the data.   

Samples preserved in FFPE are known to have more base alterations, especially C>T, and 

G>A, than those that were frozen (106).  This is known to mostly be caused by formalin cross 

linking of cytosine.  This aberrant cytosine isn’t recognized by polymerase, used in PCR, which 

than inserts an adenine in place of a guanine, generating two artifacts in the process (107).  The 

background rate of errors due to FFPE preservation has been reported to add up to 1000 errors 

per Mb.  This rate is not constant (106), and accumulates over time for FFPE preserved samples 

(105), which makes it hard to assess the magnitude of this damage. 

This damage leads to erroneous variants being called by variant callers, with one such 

study reporting that the variant caller Mutect would call up to 10 times more somatic variants in 

FFPE samples than in matched samples which were frozen, though these extra mutations had 

low confidence scores making it relatively easy to filter out (106).  Mutect assigns a confidence 

score to each variant known as the LOD score, and the authors recommended a LOD score of 

more than 50 to remove the majority of these variants.  These weak scores are most likely due to 

formalin not showing a strong preference for any genomic region; it causes a large number of 

artifacts that are evenly dispersed along the genome.  This means that these mutations will be 

present in low frequencies, making their confidence scores low. More DNA reads are heavily 

damaged in FFPE samples than in frozen samples, causing an increase in unaligned reads in the 

FFPE samples when using many common alignment tools (106).  This isn’t concerning for 

variant calling studies as this damage has little effect on variant calling due to ‘filtering by 

alignment’ (106). 

                                                             
4 Andrews S (2018) SeqMonk. Available: http://www.bioinformatics.bbsrc.ac.uk/projects/seqmonk. Accessed 2018 
August 25. 
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Overall, studies have shown that FFPE does damage DNA samples, but this shouldn’t 

affect variant calling experiments, as the errors can be filtered out.  Many of the highly damaged 

reads will no longer resemble their original sequence, which will cause aligner tools to leave 

them as unaligned.  The extra variants that will be in aligned reads will be distributed across the 

genome causing them to be either rare or unique and have low confidence scores. 
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3 Hypothesis and Rationale 
 

It was hypothesized that the matched primary and metastatic samples would have more 

variants in common with each other than with samples from the same stage of cancer (i.e. all 

primary tumours or all metastatic tumours), in terms of gene copy number aberrations (CNAs) 

and mutations.  It was also thought that the somatic variants would disproportionally affect 

known tumour suppressor genes, which have been shown to affect canine osteosarcoma in 

previous studies, such as TP53, and SETD2.  It was also hypothesized that the allelic frequency 

(AF) of somatic variants, found in both matched metastatic and primary samples, would be 

higher in metastatic samples as there would be a bottleneck effect due to not all subpopulations 

in the primary tumour being able to colonize the metastatic tumour. 

 Based on previous studies it was expected that the FFPE (formalin fixed paraffin 

embedded) samples would have far more mutations than the frozen samples.  It was 

hypothesized that the underlying biological signal would still be present, and it would still be 

possible to remove the noise created by FFPE fixation and processing.  
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4 Genome Wide Array Analysis and Targeted Sequencing 

Suggest that Canine Osteosarcoma is Caused by an Initial 

Catastrophic Event early in its Development 

 

 

4.1  Abstract 
 

Canine osteosarcoma is the most common bone tumour in dogs.  Most studies on canine 

osteosarcoma don’t control for different site of development (appendicular, axial, or 

extraskeletal), and don’t use matched primary and metastatic samples.  This makes the results 

more general, and possibly overlooks significant properties of the different types of canine 

osteosarcoma.  In this study, matched canine osteosarcoma normal, primary, and metastatic 

samples trios, from 12 dogs, were analyzed for copy number aberrations, RNA expression, and 

somatic variants.  Comparison of DNA ploidy and RNA expression between matched primary 

and metastatic samples showed few significant changes suggesting that most changes happen 

before metastasis.  Matched primary and metastatic samples from the same patient, shared more 

somatic copy number aberrations (SCNAs) in common than with any other samples.  When 

plotted, the segments and their ploidy shared remarkable similarities, suggesting that most of 

them were acquired by a single catastrophic event.  The genes CDKN2A and CDKN2B were 

found to be recurrently deleted in both primary and metastatic samples.  TP53 was the most 

common gene affected by variants present in both primary and metastatic samples.  Many of the 

other common high impact variants affected genes associated with TP53.  

 

4.2 Introduction 
 

Canine osteosarcoma is the most common bone tumour in dogs with roughly 10,000 new 

cases being diagnosed each year in the United States(1).  It often affects middle-aged dogs from 

larger breeds, with different breeds affected at different rates.  In contrast human osteosarcoma 

usually manifests early in life as a pediatric or adolescent cancer(108) and later in life after the 

age of 65, frequently occurring comorbid with Paget’s disease(109).  Human childhood 

osteosarcoma accounts for roughly 2.4% of human childhood cancers(108).  Canine 

osteosarcoma occurs at a rate ten times higher than in humans and has been shown to have 

similarities with human pediatric and adolescent osteosarcoma, making it ideal for studying the 

human disease(22).  
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Recent studies on human osteosarcoma suggest that it arises when osteoblast 

differentiation is disrupted by genetic or epigenetic factors(14).  Molecular studies on both 

human and canine osteosarcoma have shown that it is characterized by structural variants, most 

notably copy number aberrations.  Multiple genes have been shown to be recurrently affected by 

these structural variants, such as the CDK4 inhibitors CDKN2A/B, and the tumour suppressor 

TP53(24).  It has also been shown that certain genes are recurrently affected by other somatic 

variants.  The most commonly recurrently affected gene in both human and canine osteosarcoma 

is TP53(24,110–112).  It has also been shown that tumours with TP53 mutations are associated 

with a poor prognostic outcome, in both human(113), and canine osteosarcoma(110).  Though 

many other genes have been shown to be recurrently affected in some studies, there isn’t a strong 

consensus between these studies (24,25).  This may be due to a variety of factors such as the 

study not controlling for a property such as the site of development, or the dog breeds present in 

the study. 

The purpose of this study is to compare primary and metastatic canine osteosarcoma 

samples while controlling for the cancers’ origin by only including appendicular osteosarcoma.  

These matched tumour samples were sequenced to compare variants, analyzed using arrayCGH 

to compare copy number aberrations, and RNA expression arrays to compare gene expression. 

 

4.3 Methods 

4.3.1 Sample Collection of Canine Appendicular Osteosarcoma 
 

Canine appendicular osteosarcoma samples were collected from leg amputations, and/or 

at necropsy after euthanasia.  The majority of these cases arrived at post-mortem for sampling 

within 30 to 60 minutes after surgery.  Tumour and normal samples were taken immediately 

upon arrival.  For each dog, samples were collected from matched normal tissue, amputated 

primary leg tumours, and metastatic lung tumour samples.  Two sets of samples were taken one 

for DNA isolation, and another for RNA isolation. 

 

4.3.2 DNA Dataset 
 

4.3.2.1 DNA Isolation for Sequencing and arrayCGH 

 

The samples used for DNA isolation were submerged into liquid nitrogen and transferred 

to a -80 C freezer, immediately after extraction.  There were 12 such trios used for DNA 

sequencing.  Each sample had 4 sequencing runs, comprised of targeted sequencing of 586 

protein coding genes, and 20 microRNAs using Illumina Hi-seq (Appendix 4).  The output of the 

sequencing runs were saved as paired fastq files.  There were 9 matched trios used for DNA 
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arrayCGH.  One of these cases had matched primary and tumour samples where the normal 

sample was taken from another dog of the same breed but a different sex.   

DNA with a high molecular weight was extracted using a phenol-chloroform-iso alcohol 

method out lined by Sambrook et al. (114) to extract DNA from frozen samples. Samples were 

removed in 3 mm3 pieces, and finely cut up to homogenize the samples.  These homogenized 

samples were than treated with lysis buffer (10 mM Tris-HCl, 10 mM EDTA, 50 mM NaCl, 

0.5% SDS) and proteinase K (Qiagen, Toronto, ON) to further digest cells and release DNA 

from their nucleuses.  They were then incubated on a heating block at 55 C, over night.  After 

incubation, phenol-chloroform-iso amyl alcohol was mixed into each tube.  The contents of the 

tubes were mixed well and centrifuged at 12,000 x g for 15 minutes to separate the aqueous 

phase, which contains the DNA, from the organic phase and interphase.  The aqueous phase in 

each tube was extracted and placed into a new tube with 0.1x volume of sodium acetate and 2.5x 

volume of cold absolute ethanol (EtOH).  The tubes were then incubated in a freezer at -70C for 

at least 3 hours to precipitate the DNA.  After incubation the tubes were centrifuged at 2,000 x g 

for 5 minutes to bring down the high weight DNA, and subsequently centrifuged at 12,000 x g 

for 5 minutes to bring down the low weight DNA.   The DNA pellets that formed at the bottom 

of the test tubes were removed and washed twice with 1 mL of 75% EtOH to remove excess salts 

or phenol left on the pellets.  After washing the pellets were left to dry to evaporate the EtOH.  

Once the pellets were sufficiently dry, they were suspended in 100-200 µL of Tris-EDTA buffer 

(pH 8.0) and left to equilibrate at 4 C overnight.  A Nanodrop-1000 (Thermo Fisher Scientific, 

Wilmington, DE) was used to check DNA concentration and purity.   

Samples with 260/280 ratios in a rough range of 1.8-2.0, DNA concentration of at least 

200 ng/µL, and a minimum of 2 µg were kept for qPCR and downstream applications.  DNA 

integrity was measured using gel electrophoresis in a 1% agarose gel and run at 100V. 

 

4.3.2.2 Exome Alignment, Somatic Variant Calling, and Annotation 

The fastq files were trimmed to remove adapter sequences from reads as well as to 

remove low quality reads.  These files were then aligned to a dog reference genome 

CanFam3.1(115) using BWA mem on default options(71).  The BAM files from the same 

sample were then combined using picard to perform joint variant calling.  It was decided that 

joint variant calling would be better suited for this dataset rather than single sample variant 

calling, as there were multiple runs for each normal and tumour sample.  Joint variant calling 

would also be able to call rare or low coverage variants. 

Somatic variants were called using Mutect2(80).  These calls were then filtered using 

FilterMutectCalls from GATK 4.0.  Somatic variant calling was also done with Varscan2(68) for 

predicting somatic copy number aberrations.  Manta(85) and Strelka(79) were used to call indels 

and structural variants.  The outputted VCF files were combined into primary and metastatic 

groups using bcftools(76).  The two resulting files were than processed using vcftools(116), and 
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samtools(76).  These two VCF files were than annotated using ensembles’ Variant Effect 

Predictor (VEP)(117) Tool.   

 

4.3.2.3 Somatic Variant Analysis 

 

Enrichment and network analysis was done using Panther(118), on default settings, to 

find statistically overrepresented GO, KEGG, and Reactome terms. The “Search Tool for the 

Retrieval of Interacting Genes/Proteins” (STRING)(119) database and webtool was used to find 

known gene interactions between affected genes.   

Genes were considered recurrently mutated if they were affected by high or moderate 

impact somatic variants in at least 4 samples.  The recurrently mutated genes, affected 

predominantly by missense somatic variants, were compared to their human homologue.  

Multiple sequence alignments were performed using Clustal Omega(120) on the amino acid 

sequences of the canine gene,  the homologous human gene, as well as a few other homologous 

mammal genes5.  Since the VEP was used to annotate the data, ensembl annotations were used to 

get the canine amino acid sequences6.  Only the longest isoform was used for each gene.  The 

databases Clinvar(121), and the IARC TP53 dataset(122), were used to see if homologous 

variants, in these genes, are known to be associated with human diseases.   

The IARC TP53 database(122) was filtered by removing cancers (Morphology column in 

the dataset) which had a total amount of variants less than 75.  The number of mutations at each 

protein (amino acid) position was counted.  The resulting array was smoothed using a gaussian 

smoothing method and normalized.  This was done for all the cancers which were not filtered.  

Ward clustering, using Euclidian distance, was done on the smoothed data to construct a 

dendrogram.  An average smoothed array was also calculated by calculating the mean value at 

each position for all the cancer arrays.  To visualize the affected regions 3D models were used.  

                                                             
5 The other mammals included mouse, cat, and two species of mole rats.  The mouse sequence was included to 
compare the canine osteosarcoma variants to mouse models, and to place the homologous positions on mouse 3D 
PBD protein models.  The mole rat sequences were included as previous studies have shown that cancer mutations 
in the gene TP53, resemble the evolution of these species to hypoxic environments(149).  The two species included 
are: Nannospalax judaei, and Heterocephalus glaber.  The Nannospalax_judaei TP53 sequence was taken from an 
mRNA whose Genbank accession no. is AJ783406.1.  The Heterocephalus glaber TP53 sequence was also taken 
from an mRNA whose NCBI Reference Sequence ID is NM_001310270.1. 
6 It should be noted that the ensembl amino acid sequence for TP53 (Uniprot ID: F1PI27_CANLF, ENSEMBL ID: 
ENSCAFP00000024579) deviates from the homologous human sequence (Uniprot ID: P53_HUMAN), in the first few 
amino acids.  In Uniprot this canine sequence is included but is included as unreviewed or computationally 
analyzed.  There is a separate record for canine TP53 gene with a starting sequence which shows more similarity to 
the human one (P53_CANLF) and is marked as reviewed or manually annotated.  Both sequences were included in 
the alignment but for processing only F1PI27_CANLF was used, as its coordinates were used in the VEP annotation.  
A similar deviation was noticed in the feline tp53 homolog, but only the reviewed record was used.  Alignments 
included in Appendix 1. 
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This included a DNA bound human model (PDB ID: 1TSR), and a mouse p53 model not bound 

to DNA (PDB ID: 1HU8).  The somatic variant data was also compared to previous canine OS 

studies: Canine osteosarcoma genome sequencing identifies recurrent mutations in DMD and the 

histone methyltransferase gene SETD2(25), and TP53 Gene Mutations in Canine 

Osteosarcoma(110). 

 

4.3.2.4 Processing arrayCGH Data 

 

The microarrays generated Agilent files which were imported into R and analyzed using 

the package limma(123).  The files contained two color data.  This data was background 

corrected and the log2 color values, and their position on the chip were plotted as heatmaps and 

inspected for any visual defects.   

The M (log2 expression ratios) and A (average log2 expression) values were calculated 

for each array without normalization, using the function normalizewithinarrays, and setting the 

method to none.  The M values were than plotted along with their position on the chip in a 

heatmap, which was than visually inspected for any obvious errors.   

The files were background corrected using the ‘minimum’ method.  The background 

corrected data was than normalized within arrays using the ‘loess’ method.  The M values from 

the within array normalized data were used in further copy number analysis. 

 

4.3.2.5 Predicting Somatic Copy Number Aberrations (Varscan2 copynumber and arrayCGH) 

 

Putative tumour somatic copy number aberrations (SCNAs) were identified from the 

BAM files, using the copynumber method from Varscan2(68), and using Agilent microarray chip 

data processed in R with limma.   

The outputted log ratio changes from limma, and Varscan2 copynumber, were put into a 

CBS (Circular Binary Segmentation) algorithm from the DNAcopy(124) R library, as is 

suggested on the Varscan2 download page: http://varscan.sourceforge.net/copy-number-

calling.html, to find large scale changes in chromosome structure.  The code to do so is given 

below: 

library(DNAcopy) 

table <- read.table("varscan2.copynumber.file",header=T) 

cna <- CNA(genomdat = table[,6], chrom = table[,1], maploc = table[,2], data.type = 'logratio') 

CNA.smoothed <- smooth.CNA(cna) 

segs <- segment(CNA.smoothed, verbose=0, min.width=2) 

 

http://varscan.sourceforge.net/copy-number-calling.html
http://varscan.sourceforge.net/copy-number-calling.html
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4.3.2.6 Analysis of Recurrent Copy Number Aberrations 

 

A custom R script was used to merge the segmented copy number results from each dog.  

The log ratios in these common segments were classified: below -0.2 log 2 ratio were considered 

deletions, above 0.2 log 2 ratio were considered amplifications, and those in between were 

considered neutral.  This classification was done for metastatic and primary groups separately.  

The results were put into 0.1 mega base segments and used as input for STAC (125) to find 

recurrent deletions and amplifications.  The log ratios associated with specific segments were 

also used to estimate the log ratio change of genes found in those segments.  This was done by 

finding the average of all the log ratios associated with each gene.   

 

4.3.3 RNA Dataset 
 

4.3.3.1 RNA Isolation 

 

Matched primary and metastatic samples, used for RNA isolation, were extracted from a 

subset of 9 of the 12 dogs.  Each sample was taken from a region that had been verified for 

histological markers of osteosarcoma.  Normal sample RNA was isolated from a trabecular bone 

from the distal radius of a dog without osteosarcoma.  The samples were placed into tubes of 

RNAlater, following RNAlater protocol (Ambion, Inc.).  The samples were stored at -4 C for 

three days, to allow RNAlater to completely penetrate the samples.  After this period the samples 

were stored at -80 C until they were needed.   

 The tissue samples were grounded using the BioSpec MultiSample BioPulverizer 

(Bartlesville, OK), in a process known as cryopulverization.  The powdered tissue was than 

placed in tubes containing 1 mL TRIzol reagent from Invitrogen (Carlsbad, CA), and incubated 

for 5 minutes at room temperature to disassociate nucleoproteins.  After incubation, 0.1 mL of 

chloroform was added to the tubes.  The tubes were than centrifuged at 12,000 x g at 4 C.  This 

separated the interphase and organic phase which contain DNA, from the aqueous phase, which 

contains RNA.  The aqueous phase was extracted and transferred to a new tube.  To precipitate 

RNA, these tubes had 0.5 mL of iso-propanol added to them and were incubated for 10 minutes 

at room temperature.  They were than centrifuged again at 7500 x g at 4 C.  After this the 75% 

EtOH was removed and the pellets were dried.  Once the pellets were sufficiently dry it was 

dissolved in 100 µL of DNAse-RNAse free water and incubated for 10 minutes on a heating 

block at 55 C, to facilitate resuspension of the RNA.  Samples were analyzed to measure RNA 

concentration and purity using the Nanodrop-1000 (Thermo Fisher Scientific, Wilmington, DE).   
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Samples with 260/280 ratios in a rough range of 1.8-2.0, RNA concentration of at least 

200 ng/µL, and a minimum of 2 µg were kept for qPCR and downstream applications.  One 

sample failed to produce enough usable RNA, so it was excluded from further analysis. 

 

4.3.3.2 RNA Expression Micro-Array 

 

Agilent RNA expression micro-arrays were used to quantify RNA expression, from the 

isolated RNA samples.  A total of 20 micro-arrays were used, 8 of which were for primary 

samples, 9 were for metastatic samples, and 3 were for normal samples used as controls.  The 

micro-arrays generated Agilent files.  These files contained single color data.  It should be taken 

into consideration that only one individual, which never had canine OS, was used to generate the 

three normal controls.   

This is due to it being difficult to get access to normal healthy bones. Despite the 

problems that this has caused for the statistical analysis, the results shouldn’t be affected too 

severely as there shouldn’t be significant differences in gene expression, between normal healthy 

bones from different individuals. 

 

4.3.3.3 Processing Agilent RNA Expression Data 

 

The Agilent files were analyzed using the R library limma.  The raw data was 

background corrected and normalized between arrays using the scale option, to remove 

background signals and make the sample datasets consistent with each other.  Linear models 

were then used to find significant differences in gene expression between primary, metastatic, 

and normal groups, as well as between cancer and normal groups.  The p-values obtained were 

corrected using the Benjamini-Hochberg correction method(126).  Genes with a corrected p-

value < 0.05, and |logFC| > 2 were considered differentially expressed.   

 

4.3.3.4 Analysis of Differentially Expressed Genes 

 

The differentially expressed genes were segregated into down regulated, and upregulated 

groups to be analyzed separately.  Each group had an interaction network constructed, as well as 

enriched GO, KEGG, and Reactome terms, using Search Tool for the Retrieval of Interacting 

Genes/Proteins (STRING)(119). 
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4.4 Results 
 

4.4.1 Variant Analysis 

 

The average primary sample had more variants than the average metastatic sample.  The 

mean number of variants in the primary samples was 333.67 variants, and 230 in the metastatic 

samples.  To be considered recurrently affected by unique variants, genes had to be affected by 

high or moderate somatic variants, not common to matched samples, and present in at least 4 

samples.  Many of these recurrently affected genes were also affected by somatic variants 

common to both matched primary and metastatic samples.  For the metastatic group these were: 

PIM1, KMT2D, ARID1B, and SPEN7 (Example: Figure 1).  For the primary group these were: 

ARID1A, WWTR1, PRKDC, ATRX, PTPRF, COL22A1, PRRC2C, and IGF2R.  Two of the 

four variants affecting ARID1A resulted in premature stop codons, one of which was common to 

both matched primary and metastatic groups.  ARID1B was recurrently affected by missense 

mutations which were clustered in the AT rich interaction domain (ARID) and Med15 domain.  

EP300 had variants scattered around it, but three of them clustered towards the end.  One of 

these was a premature stop codon which would result in the protein not having its zinc finger 

domain (zf-TAZ).  KMT2D, COL22A1, IGFR, and PRRC2C somatic variants didn’t follow any 

noticeable patterns.  The variants affecting recurrently affected genes were mostly found to have 

low allelic frequencies (<10%).  The only exception to this were the variants affecting TP53.  It 

was also found that variants common to matched primary and metastatic samples in these genes 

had relatively higher allelic frequencies than those that weren’t common. 

Variants with allelic frequencies greater than 0.3 and a HIGH or MODERATE VEP 

impact affected a relatively small group of genes.  In the primary tumor samples these variants 

affected: TP53, ROR2, ZFHX3, HCK, CABLE1, CABLE2, ATRX, EP300, OR5D14, ARID1A, 

KMT2D, FAM214A, FNBP1L, ENSCAFT00000028757, ENSCAFT00000028593, and 

ENSCAFG00000019801.  In the metastatic tumor samples these variants affected: TP53, MT-

CO1, MT-CO2, ROR2, ERBB2, ERBB3, PARPBP, MAPK8IP2, ORD14, SLC22A6, LMLN, 

ARID1A, ADAMTS20, CSMD3, ITK, HF1B, MAP3K1, ENSCAFT0000016714, 

ENSCAFT00000016132, and ENSCAFT0000012715. 

                                                             
7 The symbol SPEN is used to denote the ensemble gene ENSCAFG00000016132.  This is because VEP did not 
return a symbol for ENSCAFG00000016132, so the gene name of the associated Uniprot record (F1Q262_CANLF) 
was used. 
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Figure 1.  Lolliplot comparing metastatic and primary somatic variants affecting the gene KMT2D.  The domains 

were obtained from pfam.   
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Gene Ensembl ID

Total Number 

of Variants
HIGH MODERATE LOW MODIFIER

CSMD3 ENSCAFG00000000786 7 0 0 0 7

TP53 ENSCAFG00000016714 6 2 4 0 0

UNC79 ENSCAFG00000017606 4 0 0 0 4

BRAF ENSCAFG00000003907 2 0 0 0 2

RB1 ENSCAFG00000004436 2 0 0 0 2

PREX2 ENSCAFG00000007620 2 0 0 0 2

TERF1 ENSCAFG00000007975 2 0 0 0 2

ROR2 ENSCAFG00000002163 2 0 2 0 0

EXT1 ENSCAFG00000000831 2 0 0 0 2

DEPTOR ENSCAFG00000000885 2 0 0 0 2

PIK3C2A ENSCAFG00000031546 2 0 0 2 0

LHX3 ENSCAFG00000019695 2 0 0 0 2

MITF ENSCAFG00000006496 2 0 0 0 2

ARID1B ENSCAFG00000000608 2 0 1 0 1

BPTF ENSCAFG00000011552 2 0 0 0 2

DHRS13 ENSCAFG00000018824 2 0 0 0 2

KIF23 ENSCAFG00000017535 2 0 0 0 2

CDH5 ENSCAFG00000020413 2 0 0 0 2

ARID1A ENSCAFG00000012314 2 2 0 0 0

COL22A1 ENSCAFG00000001178 2 0 0 0 2

FLT4 ENSCAFG00000000482 2 0 0 0 2

DDX3X ENSCAFG00000014251 2 0 2 0 0

TENT5C ENSCAFG00000009883 1 0 1 0 0

MYO3A ENSCAFG00000004279 1 0 0 0 1

LSM1 ENSCAFG00000006113 1 0 0 0 1

DNMT3A ENSCAFG00000004159 1 0 0 1 0

NOTCH1 ENSCAFG00000019633 1 0 0 0 1

HNF1A ENSCAFG00000010502 1 0 0 0 1

AKT1 ENSCAFG00000018354 1 0 0 0 1

MAPK8IP2 ENSCAFG00000000568 1 0 1 0 0

MSH2 ENSCAFG00000002659 1 0 0 0 1

PTCH2 ENSCAFG00000004694 1 0 0 0 1

ROCK1 ENSCAFG00000018282 1 0 0 0 1

EP300 ENSCAFG00000001125 1 0 1 0 0

IKZF1 ENSCAFG00000003374 1 0 0 0 1

BIRC7 ENSCAFG00000012777 1 0 0 0 1
ADAMTS20 ENSCAFG00000009744 1 0 0 0 1

ERCC4 ENSCAFG00000018827 1 0 0 0 1

CRLF2 ENSCAFG00000011034 1 0 0 0 1

SKP2 ENSCAFG00000018725 1 0 0 0 1

MAP3K2 ENSCAFG00000004528 1 0 0 0 1

NTRK2 ENSCAFG00000001380 1 0 0 0 1

FOXP4 ENSCAFG00000001596 1 0 0 1 0

PKHD1 ENSCAFG00000002165 1 0 0 1 0

PTPRN2 ENSCAFG00000032520 1 0 0 0 1

PLCG1 ENSCAFG00000009082 1 0 0 0 1

STYK1 ENSCAFG00000013417 1 0 0 0 1

CASP8 ENSCAFG00000025192 1 0 0 0 1

ERBB4 ENSCAFG00000023258 1 0 0 0 1
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Table 1.  Number of somatic variants categorized by their VEP predicted impacts (HIGH, MODERATE, LOW, or 

MODIFIER). 

 

4.4.2 Variants Common to Matched Primary and Metastatic Samples 
 

The matched primary and metastatic samples had more variants in common with each 

other than with any other sample (Figure 2).  The largest number of common variants between a 

pair of unmatched samples was 2, with most having no variants in common. Overall the matched 

samples had relatively few variants in common, in comparison to the overall number of variants 

in each sample.  When only variants which were in targeted genes were considered, the mean 

pair had only 5 coding variants in common, with two samples having none (Figure 3).   

In total, 49 targeted genes were affected by somatic variant common to match primary 

and metastatic samples (SVCPMs).  Most of these genes were affected by variants with 

MODIFIER impact.  Half of all matched sample pairs (6/12) shared a common variant in TP53 

(6 variants, 2 high, and 4 moderate).  Similar to previous studies most of these were missense 

variants (3 missense variants, 1 missense and splice site variant, 1 frameshift variant, and 1 splice 

acceptor variant).  The gene affected by the largest number of SVCPMs was CSMD3 (7 variants 

with modifier impact).  This gene was closely followed by TP53, and UNC79 (4 variants with 

modifier impact).  Only TP53, and ARID1A were affected with common high impact SVCPMs.  

There were seven genes affected by moderate impact SVCPMs: ARID1B, DDX3X, EP300, 

MAPK8IP2, ROR2, TENT5C, and TP53.  Only 4 genes were affected by low impact SVCPMs: 

DNMT3A, PIK3C2A, FOXP4, and PKHD1.   

When comparing the matched primary and metastatic allelic frequencies for each variant 

there was no significant difference between the allelic frequencies between the two groups (t-

test, p = 0.5994).  For some samples the metastatic AFs were greater than the primary AFs, as 

would be expected if there was only one primary tumour population which colonized the 

metastatic tumour. However, most matched samples had similar allelic frequencies (Figure 48), 

which would suggest that the two tumour sites colonize and recolonize each other and possibly 

converge on a steady state in terms of tumour cells flowing between them, and/or common 

dominant clones taking over tumours at both sites. 

When only the genes with variants that VEP labeled as having high or moderate impact 

were considered (Table 2), the String Network returned a highly connected network, with 

significantly more interactions than expected (Figure 5).  The enriched KEGG Pathways and 

                                                             
8 The AF was calculated by Mutect2.  This may give conflicting results as the matched tumors may have different 
cellularity values.  To account for this cellularity values were estimated using the R package sequenza and used to 
adjust the allelic frequencies.  Despite this the differences between primary and metastatic tumor allelic 
frequencies did not change significantly (the differences became slightly smaller).  This was not included in the 
analysis above as the sequenza analysis also predicted ploidies which were higher than expected.  This analysis is 
available in Appendix 3. 
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Reactome Pathways affected a maximum of 3 genes, and apart from pathways also included 

other diseases such as: hepatocellular carcinoma, Huntington’s disease, herpes simplex infection 

etc.  The pathway terms included WNT signaling, chromatin modifying enzymes, RUNX1 

interaction with cofactors, and cell cycle. 

 

 

Figure 2.  Heatmap comparing the number of common Mutect2 somatic variants between: A) Primary and 

Metastatic samples, B) Primary and Primary samples, C) Metastatic and Metastatic samples.  On heatmaps B and C 

a comparison between the same sample are not shown as they would simply show the total number of variants.  All 

called somatic variants were used for the heatmaps above, including those found in off target sites, which would 

later be filtered out for further analysis. 
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Figure 3. Venn diagram showing the overlap between matched primary (Green) and metastatic (Red) somatic 

variants.  Only somatic variants affecting exons are shown in this figure. 

 

 

Table 2.  Variants common to both matched primary and metastatic samples.  Only HIGH, and MODERATE 

impact somatic variants are included. 

 

Gene Chromosome Position Ref. Alt. Variant Effect Protein Position

Amino Acid 

Change SIFT Score Sample Pair Esemble ID

TENT5C 17 54967986 T G missense 255 F/V 0 1 ENSCAFG00000009883

TP53 5 32563797 CT TG splice acceptor 1 ENSCAFG00000016714

TP53 5 32564584 TG T frameshift 108 A/X 2 ENSCAFG00000016714

ROR2 1 95272332 G A missense 276 R/H 0.06 3 ENSCAFG00000002163

TP53 5 32563361 T C missense 248 E/G 0 3 ENSCAFG00000016714

MAPK8IP2 10 16709191 G A missense 196 A/V 0.06 6 ENSCAFG00000000568

TP53 5 32564568 G A

missense variant and 

splice region 114 T/M 0.02 6 ENSCAFG00000016714

EP300 10 24122912 C A missense 453 S/I 7 ENSCAFG00000001125

TP53 5 32563056 G A missense 263 R/C 0 9 ENSCAFG00000016714

ARID1A 2 73349589 G A stop gained 749 Q/* 10 ENSCAFG00000012314

TP53 5 32563391 C T missense 238 R/Q 0 10 ENSCAFG00000016714

ARID1B 1 46765481 G A missense 1014 E/K 12 ENSCAFG00000000608

DDX3X X 35771856 C A missense 632 S/Y 0.06 12 ENSCAFG00000014251
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Figure 4.  Primary AF versus metastatic AF for each variant common to matched primary and metastatic samples. 

 

 

Figure 5.  Interaction network constructed by STRING.  Nodes: 8, Edges: 7, Average node degree: 1.75, Average 

local clustering coefficient: 0.562, Expected number of edges: 1, p-value: 3.36e-05. 
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4.4.3 Variants Unique to Either Primary or Metastatic Samples 
 

When only considering somatic variants if they are labeled as having moderate or high 

impact by VEP, AF > 0.2, and were not present in the other matched sample, there were 9 such 

variants only found in the primary samples, and 23 in metastatic samples.  These somatic 

variants affected 6 genes (TP53, GPC5, ENSCAFG00000025134, CACNA2D1, MYO5B, and 

KMT2D) in the primary samples and 18 genes (TP53, ERBB2, ERBB3, NTRK1, WNK2, 

CABLES1, ATRX, STK11, ADAMTS20, PPP2R1A, CSMD3, ITK, RPS6KA6, MAP3K1, 

MAPK7, SPEN, ENSCAFG00000018512, and LOC484335) in metastatic samples. 

 

4.4.4 TP53 Variants 
 

The gene most frequently affected by somatic variants with high AF, and predicted to 

have HIGH, or MODERATE impact, was TP53 (Figure 7).  It was also the only gene which had a 

comparable number of somatic mutations in both the primary and metastatic groups.  Most of the 

variants in it affected the DNA binding domain.  There were also 4 frameshift somatic variants, 

identified in this study, which most likely inactivated the protein.  When the somatic variants 

were compared to their homologous position in the human TP53 protein it was found that 6 of 

the variants were previously documented in human diseases.  The subset of the IARC TP53 

dataset which only contained human osteosarcoma variants, contained 4 variants found in this 

study.  Clinvar contained 4 homologous variants (Table 3).  All but one of the missense somatic 

variants were either exposed to DNA or near regions exposed to DNA (Figure 12). 
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Table 3.  TP53 variants, with HIGH, or MODERATE impact and their homologous human variants from the WHO 

TP53 dataset and Clinvar.   

 

 

Figure 6.  TP53 variants on DNA sequence.  

 

 

chromosomeposition reference alternative consequence VEP 

predicted 

impact

codons protein 

position

amino 

acids

homologous 

human 

protein 

Clinvar ID Clinvar Accession Review Status Interpretted 

Condition(s) 

Found in 

Human 

Osteosar

Found in 

WHO 

TP53  

5

32563056 G A missense MODERATE Cgc/Tgc 263 R/C 273 43594 VCV000043594.4

criteria 

provided, 

multiple 

submitters, 

no conflicts

Li-Fraumeni 

syndrome, 

Hereditary cancer-

predisposing 

syndrome, 

Neoplasm, etc.

FALSE TRUE

5

32563361 T C missense MODERATE gAa/gGa 248 E/G 258 406590 VCV000406590.1

criteria 

provided, 

single 

submitter

Li-Fraumeni 

syndrome

FALSE

5 32563388 C T missense MODERATE cGg/cAg 239 R/Q 249 TRUE

5

32563391 C T missense MODERATE cGg/cAg 238 R/Q 248 27395 VCV000012356.5

criteria 

provided, 

multiple 

submitters, 

no conflicts

Li-Fraumeni 

syndrome, 

Medulloblastoma, 

Osteosarcoma, 

etc.

TRUE TRUE

5

32564568 G A
missense and 

splice region
MODERATE aCg/aTg 114 T/M 125 183748 VCV000183748.4

criteria 

provided, 

conflicting 

interpretatio

ns

Hereditary cancer-

predisposing 

syndrome, Li-

Fraumeni 

syndrome, 

Glioblastoma, etc.

FALSE

5 32564583 T C missense MODERATE aAg/aGg 109 K/R 120

5 32564584 TG T frameshift HIGH gcC/gc 108 A/X 119

5
32562188 ACATCT A frameshift HIGH

gAGATG/

g
329-330 EM/X 339

5 32563383 TG T frameshift HIGH ccC/cc 240 P/X 250 TRUE

5 32563389 G A missense MODERATE Cgg/Tgg 239 R/W 249

5 32563940 T TC frameshift HIGH gag/gGag 156 E/GX 167
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Figure 7.  TP53 variants and their amino acid consequences.  Green circle: missense variant, Gray circle: frameshift 

variant. 

 

4.4.5 IARC TP53 Dataset Analysis 
 

The TP53 average smoothed frequency plot showed a few major mutation hotspots, 

which were present in most cancer types (Figure 9).  The 3 most prominent hotspots for 

osteosarcoma (frequency > 0.015, red in Figure 11) were located at positions exposed to DNA or 

near exposed positions.  There were two prominent peaks (0.0075 < frequency < 0.015, yellow in 

Figure 11) before these positions.  One of these was located on a region which protrudes towards 

another TP53 protein while they are in a dimer, and the other region is located within the protein.  

All but one of the variants found in the canine osteosarcoma dataset were found at/ or near 

positions exposed to DNA (Figure 11). 

The somatic TP53 variants found in this study followed a similar pattern found in 

previous canine OS studies, with mutations occurring predominantly in a few mutation hotspots.  

When the all the available canine OS data is combined, a noticeable hotspot after codon 100 

emerges (Figure 13) which isn’t as prominent in the human OS IARC TP53 data (Figure 10). 
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Figure 8.  Dendrogram of all cancer labels.  Clustered was performed using the WARD clustering method.  

Distances were calculated using binned (every 10 amino acids) variant positions for each cancer label, with 

Euclidian distances. 

 

 

Figure 9. Heatmap of TP53 mutation frequencies by amino acid position, for multiple cancers found in the WHO 

TP53 mutation dataset.  Due to the morphology column being used to identify different cancers.  Frequency was 

obtained by counting the number of somatic variants in every bin range (every 10 amino acids). 
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Figure 10. Smoothed mutation frequency versus amino acid position plot for human osteosarcoma.  OS mutations 

were taken form the WHO TP53 dataset.  The numbers on the peaks are the same as the as the regions in Figure 11. 

 

Figure 11. Three-dimensional view of human TP53, in a dimer bound to DNA.  Red regions represent the three 

most prominent peaks.  Yellow peaks represent the two less prominent peaks.  The regions numbers are associated 

with the peak numbers from Figure 10.  
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Figure 12. Three-dimensional view of human TP53, in a dimer bound to DNA.  The labeled positions are 

homologous to positions affected by canine TP53 missense mutations in the canine osteosarcoma dataset in this 

study.   

 

 

Figure 13. Histogram depicting the distribution of canine OS somatic variants reported in the literature. 
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Figure 14.  Lolliplot depicting the frequency of canine OS TP53 somatic variants reported in a study titled “TP53 

Gene Mutations in Canine Osteosarcoma”(110). 

 

 

Figure 15.  Lolliplot depicting the AF of canine OS TP53 somatic variants reported in a study titled “Canine 

osteosarcoma genome sequencing identifies recurrent mutations in DMD and the histone methyltransferase gene 

SETD2”(25). 

 

4.4.6 ArrayCGH Preprocessing 
 

The log2 DNA expression plots showed some minor systemic issues, with local clusters 

of extreme values.  The MDS plot for the most part showed that matched primary and metastatic 

samples shared more in common with each other than with most other samples.  The between 

array normalization made the distributions have similar median values. 
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Figure 16.  Boxplots depicting value distribution for each arrayCGH sample.  Top: corrected data, bottom: 

normalized within array data. 
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Figure 17. MDS plot of normalized DNA arrayCGH. 

 

 

4.4.7 ArrayCGH Analysis 
 

The analysis showed that there were significant copy number alterations, though some of 

these were significant in one group but not the other. The matched primary and metastatic 

samples had similar segments, and LogFC values, when normalized within arrays (Figure 18). 
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Figure 18. Chromosome 14 position versus log fold change, plotting arrayCGH segments to compare matched 

primary and metastatic segments.  Red: metastatic segments, Blue: primary segments.   

  

4.4.8 ArrayCGH Ploidy Analysis 
 

The deletions were generally similar between primary and metastatic samples, 

contrasting with amplifications which had noticeable differences.  This pattern was most 

pronounced in chromosomes 13 and 14.   

STAC reported that the arrayCGH data had 7 sequenced genes affected by significant 

deletions and 2 sequenced genes affected by amplifications.  Significant amplified regions were 

found in chromosomes 2, 4, 7, 9, 10, 14, 15, 21, 28, and 29.  These regions affected the 

sequenced genes: RET, and STAT3.  Significant recurrently deleted regions were found on the 

chromosomes 1, 4, 6, 7, 11, 25, 26, 27, and 32.  These regions affected 8 sequenced genes: 

MYO5B, PALB2, MAPK10, RND1, KMT2D, ERCC3, MAP3K2, and MCL1. 

The greatest number of samples in which a gene was affected by a significant 

amplification/deletion according to STAC, was 7 samples.   

 

4.4.9 Varscan2 Copynumber Analysis 
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STAC reported that in the varscan2 data there were more sequenced genes affected by 

significant deletions than amplifications.  Significant amplified regions were found in 

chromosomes 2, 7, 16, and 27.  These regions affected the sequenced genes: PTPRN2, MTOR, 

MAP3K12, and ROCK1.  Significant recurrently deleted regions were found on the 

chromosomes 1, 7, 11, 12, 13, 24, 31, and 36.  These regions affected the sequenced genes: 

BCL2, TNFRSF11A, CDKN2A, CDKN2B, ARFRP1, NFE2L2 and ROCK1.  Most of these 

significantly affected genes, had raw value calls whose median was barely greater (or lesser) 

than the significance threshold.  CDKN2A, and CDKN2B, were the only genes which 

recurrently had median raw value below -1.   

The greatest number of samples in which a gene was affected by an 

amplification/deletion was 6 samples.  Unlike the arrayCGH data the varscan2 dataset predicted 

more genes affected in 4 or more samples.  More genes were affected by amplifications than 

deletions. 

 

4.4.10 Varscan2 ArrayCGH Comparison 
 

Overall the arrayCGH and varscan2 data agreed on the general patterns but disagreed on 

specific regions, which made them differ on which regions the STAC report predicted are 

significantly amplified or deleted.  This resulted in regions recurrently deleted in varscan2 being 

more significant than the same recurrently deleted regions in arrayCGH.  For example, Varscan2 

copynumber predicted a significantly lower log2 ratio for the genes CDKN2A/B than arrayCGH 

did.  The arrayCGH data generally predicted multiple short local aberrations, while the targeted 

sequencing varscan2 data generally predicted much longer aberrations, with local aberrations 

only being present in the sequenced genes.  Some of these short local aberrations predicted by 

varscan2 were not predicted by arrayCGH.  Both methods agreed that MYC, and PDGFRA were 

recurrently affected by gain of copies, though this was more significant in the arrayCGH result.  

They also agreed that CDKN2A/B, RB1, PIK3C2A, HRAS, and NSD3 were recurrently affected 

by loss of copy SCNAs, and this was more pronounced in the Varscan2 copy number results 

(Figure 19). 
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Figure 19.  Heatmap of log2 ratios of sequenced genes reported to be affected by SCNAs in OS, ordered from most 

copy number losses (top) to most copy number gains (bottom).  A)  arrayCGH ratios B) varscan2 copy number 

ratios. 
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Figure 20.  Comparison of log2 ploidy segments, in the recurrently deleted region containing CDKN2A/B.  Left 

plot: arrayCGH, and right plot: varscan2. 

 

 

Figure 21.  Chromosome 11 ploidy segments.  Left plot: arrayCGH, and right plot: varscan2. 

 

4.4.11 RNA Expression Microarray Data Preprocessing 
 

The microarrays did not show any obvious signs of systemic errors.  Fluctuations in the 

data were reduced after the data was normalized between microarrays.  The PCA plot showed 

that the in the top two leading logFC dimensions the normal samples cluster together away from 

the cancerous samples.  The primary and metastatic cancerous samples mostly clustered together 

regardless of group. 
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Figure 22.  Distribution of values for each RNA microarray sample.  Green: normal sample, blue: primary sample, 

red: metastatic sample.  Top: background corrected data, bottom: corrected between arrays. 
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Figure 23.  PCA plot for RNA expression microarray samples. 

 

4.4.12 RNA Expression Microarray Analysis 
 

The RNA data found no significant differences in RNA expression between primary and 

metastatic samples but found many significant differences between tumour and normal groups 

(Figure 24).  The logFC between primary and metastatic groups showed that most significant 

values were near 0, and that negative values deviated away from the center more than positive 

values (Figure 25) suggesting that down regulation of gene expression is more important than up 

regulation is, in canine appendicular osteosarcoma.   
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Figure 24.  Venn diagram showing the number of significantly different probes between normal, primary, and 

metastatic groups. M-N is the number of significantly different probes between the metastatic and normal groups, P-

N is the number of significantly different probes between the primary and normal groups, N-P is the number of 

significantly different probes between the normal and primary groups.   
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Figure 25.  Distribution of logFC values of probes with significant differences (adjusted p-value < 0.05) between 

Normal and Cancer groups. 

 

Figure 26.  Volcano plot of limma-modeled Agilent RNA microarray data.  The x axis represents the log2 fold 

change (logFC), and the y axis represents the -log10 value of the adjusted p-value (adjusted using the Benjamini-

Hochberg method) with the R library EnhancedVolcano(127). 

 

4.4.13 Analysis of Significant Differentially Expressed Genes 
 

The genes with probes that had logFC values above 2 formed a significantly connected 

string network (Figure 27).  This network contains two very highly connected gene clusters.  One 

of these clusters contains genes associated with the Reactome pathways: M Phase, Cell Cycle 

Checkpoints, Resolution of Sister Chromatid Cohesion, etc., while the other gene cluster is 

associated with Reactome pathway: Extracellular Matrix Organization, ECM proteoglycans, 

Integrin cell surface interactions, etc. (Table 4).  The only significant KEGG pathway was Protein 

Digestion and absorption and it was associated with 6 genes in the second group.  There was also 

a third smaller gene cluster with two heat shock genes, and COQ10B.  The genes with probes 

that had logFC values below -2 formed a significant network as well but did not show any 

obvious clustering patterns (Figure 28).  The genes were associated with a variety of different 

Reactome pathways.  Some of the most significant of these terms were associated with 

lipids/lipid metabolism, as well as a variety of other metabolic processes (Table 5 and Table 6‘).    
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Figure 27. number of nodes: 149, number of edges: 473, average node degree: 6.35, expected number of edges: 149, 

average local clustering coefficient: 0.472, PPI enrichment p-value: < 1.0e-16.   
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Figure 28. number of nodes: 122, number of edges: 146, average node degree: 2.39, expected number of edges: 25, 

average local clustering coefficient: 0.323, PPI enrichment p-value: < 1.0e-16. 

 

term ID term description observed 

gene 

count 

background 

gene count 

false 

discovery 

rate 

CFA-

1474244 

Extracellular matrix organization 13 253 4.08E-05 

CFA-69278 Cell Cycle, Mitotic 17 467 4.08E-05 

CFA-69620 Cell Cycle Checkpoints 13 272 4.08E-05 

CFA-

1650814 

Collagen biosynthesis and modifying enzymes 7 63 7.09E-05 
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CFA-

2500257 

Resolution of Sister Chromatid Cohesion 9 126 7.09E-05 

CFA-68886 M Phase 14 355 7.09E-05 

CFA-

3000178 

ECM proteoglycans 6 44 9.39E-05 

CFA-

2467813 

Separation of Sister Chromatids 10 191 0.00012 

CFA-68877 Mitotic Prometaphase 10 197 0.00012 

CFA-69618 Mitotic Spindle Checkpoint 8 113 0.00012 

CFA-

141444 

Amplification  of signal from unattached  

kinetochores via a MAD2  inhibitory signal 

7 96 0.00032 

CFA-

216083 

Integrin cell surface interactions 6 71 0.00054 

CFA-

8948216 

Collagen chain trimerization 5 41 0.00054 

CFA-

1442490 

Collagen degradation 5 46 0.00081 

CFA-

8874081 

MET activates PTK2 signaling 4 26 0.0014 

CFA-

5663220 

RHO GTPases Activate Formins 7 135 0.0018 

CFA-

2022090 

Assembly of collagen fibrils and other multimeric 

structures 

5 58 0.0019 

CFA-

2022857 

Keratan sulfate degradation 3 10 0.0019 

CFA-

1474228 

Degradation of the extracellular matrix 6 103 0.0027 

CFA-

195258 

RHO GTPase Effectors 9 254 0.0027 

CFA-

3000171 

Non-integrin membrane-ECM interactions 4 34 0.0028 

CFA-

176409 

APC/C:Cdc20 mediated degradation of mitotic 

proteins 

5 80 0.0062 

CFA-

419037 

NCAM1 interactions 3 20 0.0086 

CFA-

194315 

Signaling by Rho GTPases 10 381 0.0092 

CFA-

186797 

Signaling by PDGF 4 55 0.0115 

CFA-

2022854 

Keratan sulfate biosynthesis 3 26 0.0147 

CFA-69478 G2/M DNA replication checkpoint 2 7 0.0209 

CFA-69239 Synthesis of DNA 5 120 0.0253 

CFA-

1430728 

Metabolism 24 1727 0.0256 

CFA-

2980767 

Activation of NIMA Kinases NEK9, NEK6, NEK7 2 9 0.0284 

CFA-

174184 

Cdc20: Phospho-APC/C mediated degradation of 

Cyclin A 

4 76 0.0288 

CFA-

8856688 

Golgi-to-ER retrograde transport 5 128 0.0294 
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CFA-70614 Amino acid synthesis and interconversion 

(transamination) 

3 39 0.0328 

CFA-71291 Metabolism of amino acids and derivatives 7 258 0.0328 

CFA-

176408 

Regulation of APC/C activators between G1/S and 

early anaphase 

4 86 0.0377 

CFA-69052 Switching of origins to a post-replicative state 4 92 0.0455 

CFA-69481 G2/M Checkpoints 5 150 0.0473 

CFA-

6811434 

COPI-dependent Golgi-to-ER retrograde traffic 4 95 0.0487 

 

Table 4.  Significantly enriched Reactome pathways for genes with significant probes with logFC values above 2. 
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Table 5.  Significantly enriched Reactome pathways for genes with significant probes with logFC values below -2. 

#term ID term description

observed 

gene count

background 

gene count

false 

discovery rate

CFA-1430728
Metabolism

34 1727 2.06E-07

CFA-1483206
Glycerophospholipid 

biosynthesis
9 117 9.92E-06

CFA-556833
Metabolism of lipids

17 584 1.24E-05

CFA-1482883
Acyl chain remodeling 

of DAG and TAG
3 7 0.0013

CFA-109582
Hemostasis

11 501 0.0127

CFA-166658
Complement cascade

4 55 0.0166

CFA-114608
Platelet degranulation

5 106 0.0187

CFA-163680

AMPK inhibits chREBP 

transcriptional 

activation activity

2 6 0.0201

CFA-166663
Initial triggering of 

complement
3 26 0.0201

CFA-8964572
Lipid particle 

organization
2 5 0.0201

CFA-8979227
Triglyceride 

metabolism
3 27 0.0201

CFA-163685
Integration of energy 

metabolism
4 74 0.0238

CFA-418594
G alpha (i) signalling 

events
7 274 0.0285

CFA-1483166
Synthesis of PA

3 37 0.0291

CFA-180024
DARPP-32 events

2 11 0.0406

CFA-76002

Platelet activation, 

signaling and 

aggregation

6 225 0.0413

CFA-75109
Triglyceride 

biosynthesis
2 13 0.0465

CFA-977606
Regulation of 

Complement cascade
3 47 0.0465
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#term ID term description

observed 

gene count

background 

gene count

false discovery 

rate

cfa04923

Regulation of 

lipolysis in 

adipocytes

7 52 9.99E-06

cfa03320
PPAR signaling 

pathway
7 72 3.84E-05

cfa04152
AMPK signaling 

pathway
7 116 0.0005

cfa00561
Glycerolipid 

metabolism
5 56 0.0013

cfa04920
Adipocytokine 

signaling pathway
5 68 0.0024

cfa05150
Staphylococcus 

aureus infection
4 39 0.0032

cfa00564
Glycerophospholi

pid metabolism
5 89 0.005

cfa04979
Cholesterol 

metabolism
4 47 0.005

cfa05144 Malaria 4 46 0.005

cfa04610

Complement and 

coagulation 

cascades

4 71 0.0165

cfa05418

Fluid shear stress 

and 

atherosclerosis

5 125 0.0165

cfa04975
Fat digestion and 

absorption
3 35 0.0191

cfa04932

Non-alcoholic 

fatty liver disease 

(NAFLD)

5 136 0.0192

cfa04060

Cytokine-cytokine 

receptor 

interaction

6 208 0.0208

cfa00982
Drug metabolism - 

cytochrome P450
3 45 0.03

cfa05204
Chemical 

carcinogenesis
3 50 0.0373

cfa01100
Metabolic 

pathways
15 1157 0.0438
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Table 6.  Significantly enriched KEGG pathways for genes with significant probes with logFC values below -2. 

 

4.5 Discussion 
 

Overall the data showed a similar landscape to previous studies, and a high degree of 

similarity between matched primary and metastatic samples.  The mutational landscape found 

was similar to pediatric osteosarcoma, with there being far more SCNAs than point mutations.  

Both the variant analysis and SCNAs showed that matched primary and metastatic samples 

shared more in common with each other than with other samples of the same group.  The RNA 

microarray, and arrayCGH data sets showed that the primary and metastatic groups do not differ 

from each other significantly, in terms of gene expression, and ploidy.   

 

4.5.1 Somatic Copy Number Aberrations 
 

The fact that the segmented arrayCGH and varscan2 copynumber results showed a strong 

resemblance between paired primary and metastatic SCNAs, suggests that osteosarcoma doesn’t 

gain SCNAs over a long period of time, but has a few events early in its development, which 

cause the majority of SCNAs.  It is possible that these SCNAs are the cause of osteosarcoma, as 

previous studies have shown that various chromosomal changes can cause tumourigenesis (128).  

These initial SCNAs in canine osteosarcoma may be caused by chromothripsis, which there is 

evidence for in human osteosarcoma (63).  Similar patterns were found in childhood 

medulloblastoma, where catastrophic chromosomal rearrangements were detected in nearly all 

cells rather than a certain subpopulation(129).  It has also been suggested that chromothripsis 

could play a role in a punctuated equilibrium event which initiates pancreatic cancer (130).  The 

hypothesis of a punctuated equilibrium-based evolution of canine osteosarcoma would explain 

the lack of significant differences found between primary and metastatic groups in terms of RNA 

expression, and arrayCGH data.  SCNAs have also been reported in the marrow adjacent to hip 

arthroplasties(131), which are associated with cancers such as lymphoma and osteosarcoma 

(though this is rare in humans).  It may be that when cells in the bone are put under certain kinds 

of stress, they start gaining SCNAs which may lead to osteosarcoma.   

Alternatively, it is also possible that the dominant population is moving back and forth 

between the two tumour locations, making the cancer as a whole more homogenous.  This 

hypothesis is unlikely as some of the dogs had their primary tumour removed much earlier than 

the metastatic tumour and still showed similarity between matched primary and metastatic 

samples.  Despite this, it is possible that metastatic cells were spread across the body earlier and 

either remained dormant or took a long time to establish a metastatic tumour, or that cells moved 

back and forth between locations even at the earliest stages of cancer before metastases were 

radiographically apparent.   
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The allelic frequencies do not appear to support the hypothesis that metastatic tumours 

are formed by a single colonization event or a single clonal population as the metastatic somatic 

variants didn’t have a significantly greater AF than their primary counterparts.  Though there 

were some samples that appeared to show an increase in AF for common metastatic variants, 

most did not show a significant difference between the AFs of common primary and metastatic 

variants.  This may be due to there being metastatic recolonization of the primary tumour, or due 

to there being multiple initial clonal populations colonizing the same metastatic tumour.  This 

second hypothesis wouldn’t rule out the hypothesis that canine appendicular osteosarcoma is 

caused by a single catastrophic event which causes the initial SCNAs, and it would also imply 

that there is competition in the metastatic tumours between multiple clonal populations.  

There were differences between the arrayCGH and varscan2 copy number results.  Many 

of these differences were due to the varscan2 data having raw calls spaced out far apart, making 

segment calls for regions between them unreliable.  The CBS algorithm used also would smooth 

over values, which makes it less likely to call short segments.  In the arrayCGH results there is 

evidence that CDKN2A/B are deleted but the CBS algorithm fails to find this deletion in some 

samples making it insignificant when analyzed by STAC.  Since there were arrayCGH markers 

that were recurrently amplified or deleted in individual genes predicted by varscan2, but not in 

SCNAs from arrayCGH, it is possible that there are many short segment changes which harbour 

genes. 

The most significant Varscan2 result was the predicted deletion of CDKN2A/B.  This 

result confirms previous studies which have shown CDKN2A to be deleted in human and canine 

osteosarcoma(132).  Both of CDKN2A(65) and CDKN2B(133) are known tumour suppressors 

which are recurrently deleted in certain types of cancers.  It has also been shown that regulatory 

variants near these genes are implicated in increasing the risk of canine osteosarcoma(134).  It is 

difficult to decipher which of these two gene deletions is more important, or if both deletions are 

important to osteosarcoma as they are often co-deleted due to their close proximity on the 

chromosome in humans, dogs, mice, and other animals.  There is evidence from mouse models 

that CDKN2B inactivation is more important than CDKN2A or tp53 inactivation, to pancreatic 

tumourigenesis(135).  In this model inactivation of CDKN2A or tp53 led to cellular senescence, 

which prevented a tumour from forming.  Inactivation of CDKN2B was necessary to overcome 

this senescence.  

  

4.5.2 Somatic Variants 
 

There was a small number of common variants, relative to the total number of called 

variants.   This may be due to there are genes important in osteosarcoma, not sequenced in this 

study and/or that amplifications and deletions play a significantly greater role in these canine OS 

than do mutations.  Out of the common variants found in protein coding regions most had 
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moderate impacts suggesting that silent and high impact mutations in these regions are unlikely 

to be passed onto metastatic tumours  This along with the mutation patterns between primary and 

metastatic samples suggest that certain somatic variants are filtered out during metastasis, certain 

genes are likely to gain somatic variants if they don’t already have some, and that certain genes 

get mutations in both groups independently.  For the group that gets them independently it is 

likely that they are gaining these because the subpopulation that metastasizes does not have them 

by chance but gain variants because they benefit the cancer cell’s survival or growth and these 

variants then accumulate in the metastatic tumour independent of their accumulation in the 

primary tumour. 

Previous studies have identified multiple genes affected by recurrent somatic variants, 

which weren’t detected in this study.  The gene DMD has been shown to be recurrently affected 

by SVs with start and end sites in introns (25).  As this data set only sequenced the exons it 

cannot be ruled out that such SVs exist, in these samples, but weren’t detected.  Another such 

gene is SETD2, which has been shown to be recurrently affected by somatic variants (24,25).  

The two studies reporting this result also report that SETD2 was affected in 21% and 42% of 

samples.  These are relatively low percentage but aren’t comparable with the ~8% (1/12) in this 

study.   

Certain genes have also been reported as having acquired somatic variants in the 

metastatic samples that were not present in matched primary samples and which were predicted 

to have a pathogenic impact.  The genes being reported, with such somatic variants, in this study 

to my knowledge weren’t found in previous studies.  Furthermore, the gene KMT2D(25), was 

found to have somatic variants in the primary sample which were not passed onto the metastatic 

sample. 

Currently there has only been one other study which reported somatic variants common 

to both matched primary and metastatic samples (SVCPMs) in canine OS(25).  There were other 

studies on canine OS reporting SVCPMs, but they usually checked only a certain gene such as 

TP53(110).  The genes affected by a SVCPMs, in this study which were reported to be affected 

by SVCPMs in the previous study were ARID1B and TP53.  This previous study also found 

multiple SVCPMs in TP53, but all other SVCPMs only affected one gene.  Similarly, previous 

studies found TP53 somatic variants to be mostly missense variants, having high allelic 

frequencies, and affecting the DNA binding domain in known mutation hotspots.  Currently the 

following genes have been reported to be affected by SVCPMs in canine OS (24,25): TP53, 

ARID1A, ARID1B, DNMT1, KMT2D, POLG, PPM1D, PREX2, RB1, RET, TENT5C, ROR2, 

MAPK8IP2, EP300, and DDX3X.  Further studies could expand this set of genes to help find 

patterns in what somatic variants get passed onto metastatic tumours from primary tumours. 

Many of the significant genes in this study are involved in pathways previously reported 

to be affected in canine and/or human OS, such as: p53 pathway, chromatin 

remodeling/regulation, PI3K pathway, and MAPK pathway.  The pathways related to chromatin 

regulation are most likely affected due to the high number of SVs, which OS is characterized by.  
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In this study it has also been shown that there are many low AF somatic variants affecting these 

genes suggesting that there are strong evolutionary pressures on these pathways. 

It is difficult to assess the impact of most variants common in primary metastatic pairs, as 

most of them had modifier impact predictions, meaning that VEP can’t predict their effects.  

These variants could be low impact variants being passed on to the metastatic population through 

genetic drift or they may have effects beneficial to the tumour population.  It is likely that the 

modifier impact variants found in CSMD3 are beneficial to cancer cells, as they are present in 3 

sample pairs.   

 

4.5.3 TP53 Somatic Variants 
 

The most recurrently affected gene common to two matched primary and metastatic pair 

was TP53.  It was also the only gene recurrently affected by high AF somatic variants.  This 

strongly suggests that these variants may be gained early in cancer development.  It is known to 

be an important oncogene in many human cancers(136,137) and mutations in it are the most 

common genetic alteration in a variety of human cancers(138–140).  Genetic alterations in TP53 

have been shown to be associated with a poor prognostic outcome in both human(113,141,142) 

and canine osteosarcoma(110).  In human osteosarcoma most mutations in TP53 are missense 

mutations and are primarily located in exons 5-8(113), and in canine osteosarcoma most 

mutations are also missense and are similarly found in exons 4-8(110,143,144), showing that 

mutations primarily affect highly conserved regions.  Our results confirmed that most TP53 

mutations were missense mutations, though there are also many frameshift variants.  All these 

variants primarily affected exons 4-8.  In particular the exons 5,6,8 had variants common to both 

matched primary and metastatic samples, with exon 5 being the most affected by variants 

overall.  The rate of TP53 mutations in humans varies from 15% to 42%(111,112,145,146), 

while in canine osteosarcoma it tends to be higher ranging from 24% to 47%(110,144).  Our data 

set, though small, contains a higher rate of TP53 mutations, with 6 (50%) sample pairs 

containing common TP53 mutations, while 9 (75%) primary and 9 (75%) metastatic samples 

contained some kind of TP53 mutation.  The high rate of TP53 somatic variants with high allelic 

frequencies, which are highly likely to be passed onto the metastatic tumour, suggests that this 

gene is mutated early on in cancer development and that mutations in it are driving 

tumourigenesis.  The high number of missense variants in the primary samples and the increase 

in number of frameshift mutations in metastatic samples would suggest that it is beneficial to 

have a non-functional TP53, but it seems like it isn’t likely to happen in the primary tumour as 

only one primary sample had such a mutation.  Alternatively, it may be that frameshift mutations 

aren’t as beneficial in the primary tumour as in the metastatic tumour, which would suggest that 

TP53 is needed to some capacity in the primary tumour but is likely to become less useful or 

detrimental to cancer as it metastasizes.   
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Studies in both human and canine OS have reported that most somatic variants affecting 

TP53 are missense variants that occur near a few mutation hotspots. In particular it has been 

shown that canine equivalent to human TP53 codons 120, 174, 214, 273, 282, and 285 are 

recurrently affected in canine osteosarcoma(25,110).  The IARC TP53 dataset showed 5 major 

hotspots in human osteosarcoma.  The highest density hotspots are found in regions exposed to 

DNA, suggesting that they are interfering with the TP53 protein’s ability to bind to certain DNA 

sequences.  There are other significant but less dense regions that are exposed to other proteins in 

a dimer, or tetramer.  When combining the TP53 somatic variants reported in multiple canine OS 

studies a similar density plot starts to emerge but with a major mutational hotspot just after 

codon 100 (Figure 13) which isn’t significant in the human data (Figure 10).  This dataset is still 

relatively small, in comparison to the human dataset, so this discrepancy, between the two 

density plots, may disappear as more data is added. The majority TP53 missense mutations, 

found in this study and in human OS, were found in the DNA binding domain.  Missense 

mutations in this domain have been shown to have a variety of effects such as modulating DNA 

binding, gain of function effects, and destabilizing effects which make the protein 

thermodynamically unstable at physiological temperatures.  All but one missense mutation was 

found on or near codons exposed to DNA, suggesting that they play a role in DNA binding.  But 

due to the wide range of effects that these mutations can have it is difficult to predict their effects 

in silica without experimental evidence.  A few of the somatic variants reported in this study had 

such evidence from their homologous position in human TP53, such as: R239Q which 

corresponds to a known destabilizing mutation in humans R249Q(147), and R263C which 

corresponds to a mutation shown to decrease apoptotic activity in humans R273Q(148).  These 

somatic variants suggest that the tumours are either inactivating TP53 or modulating its DNA 

binding strength to reduce the activity of apoptotic genes. 

In this study, no canine OS missense mutations, were found in the mutation hotspots that 

sit on a portion of the protein involved in dimer stabilization (peak 2 in figure 9), though other 

studies have reported recurrent mutations in this location.  Previous canine OS studies have 

reported recurrent mutations at the canine TP53 codon 161, homologous to codon 174(25,110).  

It is also known that the highly conserved arginine at this codon isn’t conserved in the naked 

mole rat Spalax judaei.  It is thought that this evolutionary change is an adaption to extreme 

hypoxic conditions(149).   It has also been shown that a R174K mutation in the human TP53 

gene results in overexpression of MDM2, and less expression of APAF1.  Analysis of TP53 

protein structure, also suggests that the highly conserved arginine, at codon 174, plays a role in 

stabilizing the TP53 DNA-free dimer, and that substituting it with a lysine may make the dimer 

less stable(149).  Similarly several mutations in close proximity to codon 174, such as: 143, 175, 

and 181(150–152), have been shown to cause human TP53 to reduce or fail to activate apoptotic 

genes while retaining the ability to trans activate cell cycle arrest genes.  It has also been shown 

that the mutation R175P had a similar effect in a mouse model.  This pattern is observed because 

mutations which inhibit the cooperative binding of DNA, significantly reduce TP53 binding to 

multiple proapoptotic gene promoters, while not affecting its ability to bind to the promoters of 
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genes involved in cell cycle arrest(153).  Interestingly, the data available as of writing this thesis, 

would suggest that mutations in this region are rarer in canine OS than human OS.   

 

4.5.4 Comparison of Matched Primary and Metastatic Samples 
 

Both the arrayCGH, and RNA expression array analysis didn’t show many significant 

differences between primary and metastatic samples.  This suggests that there are few changes 

needed for primary cells to metastasize, and/or that the metastatic cells recolonize the primary 

tumour and outcompete all other clonal populations.  Though it is unlikely that the primary 

tumour is being recolonized, since the primary samples were collected from amputated legs prior 

to metastasis being detected, most dogs will have micro metastasis invading other tissues, and 

potentially reinvading the primary tumour. If this is true, then it would imply that canine 

osteosarcoma is a fast-developing cancer or that the subpopulations which can invade distant 

tissue are also effective at outcompeting other subpopulations in the primary tumour. 

The arrayCGH data also didn’t show any significant differences between primary and 

metastatic samples.  Though there were some significant differences between the ploidy of 

regions. 

 

4.5.5 Conclusion 
 

In conclusion, the data set shows that, on the molecular level, canine appendicular 

osteosarcoma matched primary and metastatic samples share more in common with each other 

than with other samples.  This means that most SCNAs likely happen early on in the 

development of this cancer.  Previous studies have shown that TP53 is recurrently mutated in 

canine osteosarcoma.  This study extends this result by showing that not only is TP53 recurrently 

mutated but also is very likely to be shared by matched primary and metastatic samples 

providing further evidence that it may be mutated early in cancer development and may be a 

causal mutation in tumourigenesis.  From these findings, future studies should check for 

chromothripsis, using methods such as FISH, and sequence other genes to check if they play a 

major role in canine appendicular osteosarcoma.   

Overall all these results suggest that most of the TP53 missense variants found in canine 

OS are interfering with the ability of the TP53 protein to bind to DNA, or destabilizing it, with 

some interfering with its ability to form dimers or tetramers.  Based on previous studies on 

similar mutations in other organisms, it is highly likely that the all these mutations are reducing 

or eliminating TP53 associated apoptosis, which could occur as the tumor outgrows its blood 

supply and becomes hypoxic.  As mentioned above some of these TP53 mutations are known to 
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preserve TP53 cell cycle arrest, which won’t affect canine OS due to the recurrent deletion of 

CDKN2A/B.   
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5 Comparing Sequencing Data from Matched Frozen and 

Formalin Fixed Canine Appendicular Osteosarcoma 
 

 

5.1 Introduction 
 

Previous studies have explored the effect of storage time on the quality of DNA and RNA 

extracted from formalin fixed, paraffin embedded (FFPE) samples, but none have explored the 

differential effects that formalin fixation has on primary and metastatic samples.  In this study, 

matched normal, primary, and metastatic canine appendicular osteosarcoma tissue samples were 

analyzed.  Each tissue sample had a portion preserved by freezing and a portion preserved by 

formalin fixation.  Targeted exome sequencing was performed on all samples, and the resulting 

data was analyzed to find the effects caused by formalin.   

 

5.2 Methods 
 

5.2.1 Initial File Analysis and Preprocessing 
 

The fastq files were initially trimmed using TrimGalore, which is a wrapper for 

Cutadapt(70) and FastQC, to remove adapter sequences.  The resulting files were analyzed using 

FastQC to get basic statistics, and to see if all files passed all quality tests. 

 

5.2.2 Alignment and Variant Calling 
 

The trimmed fastq files were then aligned to a dog reference genome CanFam3.1(115) 

using BWA mem (71) on default options.  The aligned BAM files were than processed and 

analyzed using samtools(76).  The BAM files for each run were processed and merged using 

samtools, and picard.  The processed matched tumour, and normal BAM files were used to 

perform normal aware somatic variant calling, using Varscan2(68), Mutect2(80), and 

Manta(85)s/Strelka2(79).  Joint variant calling was performed, since each sample had multiple 

runs, and not merging would make normal aware variant calling unnecessarily complicated. 

 

5.2.3 Somatic and Germline Variant Analysis 
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Matched primary and metastatic samples were compared, to determine the common 

variants.  This was done for both frozen and formalin fixed groups.  The matched primary and 

formalin fixed samples were also compared to show how many variants were lost between the 

preservation methods. 

 

5.2.4 Somatic Signatures 
 

SNP mutation contexts for primary and metastatic groups were calculated separately, in R 

using the library MutationalPatterns.  This was done separately for both the frozen and formalin 

fixed samples so that they could be compared.  Somatic signatures were than calculated using an 

NMF algorithm and compared to known COSMIC signatures. 

 

5.3 Results 
 

5.3.1 FastQC Analysis 
 

The frozen samples had roughly equal number of sequenced reads for each sample with 

no significant difference between normal, primary, or metastatic samples.  The formalin fixed 

samples had variable numbers of reads, with metastatic samples having far fewer sequenced 

reads than either primary or normal samples.  Formalin fixed normal and primary samples had 

more sequenced reads than any frozen sample, in three out of the four matched pairs.  The 

number of sequenced reads for a specific sample didn’t differ significantly (Figure 28).  The 

frozen samples generally had slightly lower percentages of duplicates than formalin fixed 

samples, with the exception of two cancer samples from the same dog, which had far higher 

duplicate read percentages than any other samples (Figure 29).  The percentage of GC content 

was stable for the frozen samples but very variable for formalin fixed samples.  The two 

metastatic samples with relatively few reads, also had relatively high percentages of GC content 

suggesting that these same had their DNA highly degraded (Figure 30).  The median sequence 

quality at each read position had a faster decline as the read position increased in the formalin 

fixed samples, on average (Figure 31).  Despite this the formalin fixed qualities followed a 

similar pattern to their frozen counterparts, where the quality was very low at the beginning of 

the read, highest in the centre, and declined towards the end, forming an inverse parabola. 
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Figure 29.   Dotplot comparing number of sequenced reads between frozen and formalin fixed samples.  Each dot 

represents the total number of reads from a single run.  Note: The metastatic samples 3 and 4 had very low counts, 

ranging just below 100,000. 
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Figure 30. Dotplot comparing percentage of duplicate reads for each run from formalin fixed versus frozen samples. 
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Figure 31. Dotplot comparing percentage of GC content for each run from formalin fixed versus frozen samples. 
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Figure 32. Median sequencing quality score at each reads position. 

 

 Four FastQC metrics returned warnings, and failures in some tests: per sequence GC 

content, per base sequence content, per tile sequence content, and overrepresented sequences 

(Figures 33-36).  The sequence GC content returned the worst results with most files not passing 

this test in both frozen and formalin fixed groups.  All trimmed samples failed the sequence 

content test (Figure 36), but this was due to the regions towards the ends of the reads diverging in 

terms of nucleotide content, which shouldn’t affect further analysis (Figure 37).  The FFPE 

metastatic samples had very inconsistent nucleotide frequency patterns across all samples (Figure 

37).  The other FFPE groups showed more inconsistent patterns than their frozen counterparts, 

but they were not as affected as the metastatic samples.  The frozen metastatic samples also 

displayed slightly more inconsistent frequency patterns than the rest of the frozen groups.   
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Figure 33. FastQC status for per sequence GC content for each run.  Formalin fixed versus frozen samples. 
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Figure 34. FastQC status for per tile sequence quality for each run.  Formalin fixed versus frozen samples. 
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Figure 35. FastQC status for overrepresented sequences for each run.  Formalin fixed versus frozen samples. 
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Figure 36. FastQC status for per base sequence content for each run.  Formalin fixed versus frozen samples. 
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Figure 37.  Frequency of each possible nucleotide at each reads position. 

 

5.3.2 Variant Analysis 
 

When comparing formalin fixed matched primary versus metastatic variant calls 

Mutect2, and Strelka2 showed that the matched samples had more in common with each other 

than with any other sample of the opposite group, just like the frozen samples (Figure 38).  This 

pattern wasn’t present in the Varscan2 somatic variants (Figure 38 C).  Varscan2 also called far 

more somatic variants than the other variant callers (Figure 38 and Figure 39).  Matched FFPE and 

frozen samples shared more somatic variants called by Strelka2, and Mutect2, in common with 

each other, than with any other sample.  Despite this one of the samples (Dog 3 in Figure 38 and 

Figure 39) did not display such a pattern.  The number of common somatic variants between 

matched samples was low relative to the total number of called somatic variants. 
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Figure 38.   Heatmap of common variants between primary and metastatic FFPE samples, called by 3 different 

variant calling tools.  Left: Mutect2, center: Strelka, right: Varscan2. 
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Figure 39. Heatmap of common variants between matched FFPE and frozen samples, called by 3 different variant 

calling tools.  Left: primary samples, right: metastatic samples.  Top: Varscan2, middle: Mutect2, bottom: Strelka2. 

 

 

5.3.3 Somatic Signatures 
 

The SNP context of the formalin fixed samples was completely different from the context 

of the frozen samples.  The FFPE context showed a high increase in the number of C>T, and to a 

lesser extent C>A.  Both these FFPE contexts were much higher than any other frozen context.  

The somatic signatures found in both groups were different as well. 
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Figure 40.  Comparison of frozen and ffpe mutational contexts, derived from Mutect2 single nucleotide somatic 

variant calls.  Top two plots represent FFPE samples, and the bottom two plots represent frozen samples.  Left plots 

represent primary samples, and right plots represent metastatic samples. 

 

5.4 Discussion 
 

 The formalin fixed samples in general were of lower quality than the frozen samples.  

This agrees with previous studies(105).  Many of the variants called from them are most likely 

due to formalin-induced DNA damage.  Despite this, the FFPE samples still share a lot in 
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common with the frozen samples, which suggests that the initial somatic variants aren’t lost in 

formalin fixation.  This data set suggests that freezing is a more preferable method to formalin 

fixation, as it produces better quality reads.  However, many important somatic variants were 

still detectable in the FFPE samples suggesting that it is unknown how long these samples were 

preserved for, so it wasn’t possible to compare properties to preservation time like some previous 

studies, which showed that preservation time increases DNA damage(105).  It is known that the 

preservation time was relatively short overall for these samples meaning that, with additional 

time, the samples’ properties could deteriorate even further making the biological signature even 

harder to extract.   

Overall this study shows that it is possible to extract meaningful DNA variants from 

formalin fixed samples.  The formalin fixed metastatic samples were particularly negatively 

affected, but still contained the many biologically significant somatic variants.  Future studies 

should study how metastatic samples are affected when being preserved over different periods of 

time. 
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6 General Discussion 
 

The results from this study reveal a mutational landscape in canine osteosarcoma that is 

similar to human pediatric osteosarcoma, confirming findings in previous studies.  Two 

characteristics of canine osteosarcoma genomes were common across all the cases we examined: 

there were far more SCNAs than point mutations in both primary and metastatic samples, and 

mutations in matched primary and metastatic samples were more similar to each other than to 

any other samples.   

The RNA expression microarray results also showed no significant differences between 

metastatic and primary samples in terms of gene expression.  The significantly upregulated genes 

formed two major clusters, one with genes involved in the extracellular matrix such as collagen, 

and one with genes involved in processes in the nucleus such as chromatid cohesion and cell 

cycle checkpoints.  These results show that while CDKN2A/B deletion or inactivation 

dysregulates the cell cycle, the transcriptome also upregulates genes involved in the cell cycle, 

meaning that this cellular process is a primary target.  The other group was comprised of mostly 

collagens, many of which have been shown to be abundant in human osteosarcoma(154), and 

would be necessary to maintain tumour cohesion while the cells multiplied. 

There were many similarities between SCNAs found in matched primary and metastatic 

samples, suggesting that most of the SCNAs in canine appendicular osteosarcoma are gained in 

one catastrophic event some time early in the cancers’ development.  Many of the recurrent 

SCNAs found in this study have also been found in previous canine osteosarcoma studies, such 

as HRAS, CDC73, CDKN2A, and CDKN2B (figure 15)(24,25).  The most common SCNA was 

the deletion of a region containing the genes CDKN2A/B.  Both these genes have been shown to 

play a role in other cancers, and the onset of a cancerous phenotype in mouse models.  The high 

rate of CDKN2A/B deletion in canine osteosarcoma has been hypothesized to explain the lack of 

RB1 mutations in canine osteosarcoma, as it would be another way for the cancer to disrupt the 

cell-cycle control pathway(24).  This hypothesis is supported by results from high grade human 

osteosarcoma, which have been shown to delete or inactivate CDKN2A/B in the absence of RB1 

mutations(65).  This hypothesis would also suggest that RB1 mutations and the loss or 

inactivation of CDKN2A/B, are two distinct paths of development which osteosarcoma can take, 

and that canine osteosarcoma is unlikely to take the path involving RB1 mutations. 

The variant analysis showed that there isn’t a clear universal pattern of changes in SVCPM 

AF, though they generally had greater allelic frequencies than other somatic variants.  All the 

genes affected by SVCPM were found to be associated with a common set of pathways.  The 

majority of the genes affected by SVCPMs were only affected in one sample by one variant, and 

were not found in a previous study(25). 

The gene TP53 was the most recurrently affected by somatic variants and the only gene 

recurrently affected by common somatic variants.  Its variants also had some of the highest 
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allelic frequencies which adds evidence to the theory that mutations in this gene may be a cause 

of osteosarcoma, or at least gained early in its development.  The somatic variants affecting this 

gene can be divided into two groups.  One group contained variants which would result in the 

gene being inactive, such as frameshift mutations, and missense mutations, most of which 

affected sequences that were exposed to DNA in the protein or near these regions.  The second 

group most likely alters the binding strength of the final protein to its target DNA sequences.  

The somatic variants in this study and other similar canine osteosarcoma studies reported most of 

their somatic variants to be found around known TP53 mutation hotspots.  Analysis of TP53 

mutation patterns in the IARC TP53 dataset showed that most human cancers have similar 

hotspots, which would suggest that these regions play a significant biological role in human as 

well as non human cancers.   

The high rate of CDKN2A/B deletions, and TP53 mutations, as well as the major roles that 

these genes play support the hypothesis that they perform a crucial role in canine appendicular 

osteosarcoma initiation or are a required step in canine osteosarcoma progression. 

The data from canine OS studies performed thus far suggest that it is initiated by a 

catastrophic chromosomal rearrangement event which results in the loss or inactivation of 

CDKN2A/B.  This increases cell proliferation, which forces many of these tumours to evolve 

TP53 variants that don’t allow TP53 to initiate apoptosis despite pro-apoptotic stimuli such as 

hypoxia caused by the tumour’s rapid growth and inadequate blood vessel recruitment.  The 

tumour subpopulations then evolve other mutations affecting genes associated with TP53 before 

metastasizing out of the primary tumour. Overall, these results add to a growing body of 

evidence which suggests that canine osteosarcoma is a good model for human pediatric 

osteosarcoma due to their shared genetic characteristics.  The molecular similarities between 

human pediatric and canine osteosarcoma suggest that similar processes are present in both these 

cancers.  There are also certain molecular differences between these two cancers, such as the rate 

of RB1, CDKN2A, and CDKN2B somatic variants, which suggests that the human disease is 

more varied and may take paths that the canine disease is unlikely to. 

The FFPE samples generally had worse quality than the frozen samples, with metastatic 

samples producing poorer quality reads than either primary or normal samples.  Somatic variants 

called in FFPE samples are contaminated by many formalin-caused variants.  Variant callers that 

are stricter in calling variants were more successful in calling variants not caused by formalin.  

Based on these results future researchers would be advised to use Mutect2 or Strelka2 as their 

variant caller and be wary of A>T and to a lesser degree C>A mutations in future FFPE studies.  

These studies should also remove low AF variants to remove as many FFPE artifacts as possible. 
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Appendix 1 TP53 Alignments 

 

The canine, and human TP53 amino acid sequences were aligned.  As mentioned above in 

footnote 5, other sequences were also aligned.  The other sequences include mouse, cat, and two 

species of mole rats.  The mouse sequence was included to compare the canine osteosarcoma 

variants to mouse models, and to place the homologous positions on mouse 3D PBD protein 

models.  The mole rate sequences were included as previous studies have shown that cancer 

mutations in the gene TP53, resemble the evolution of these species to hypoxic environments 

(147).  The two species included are: Nannospalax judaei, and Heterocephalus glaber.  The 

Nannospalax_judaei TP53 sequence was taken from an mRNA whose Genbank accession no. is 

AJ783406.1.  The Heterocephalus glaber TP53 sequence was also taken from an mRNA whose 

NCBI Reference Sequence ID is NM_001310270.1. 

The ensembl amino acid sequence for canine TP53 (Uniprot ID: F1PI27_CANLF, 

ENSEMBL ID: ENSCAFP00000024579) deviates from the homologous human sequence 

(Uniprot ID: P53_HUMAN), in the first few amino acids.  In Uniprot this canine sequence is 

included but is included as unreviewed or computationally analyzed (as of September 2019).  

There is a separate record for canine TP53 gene (E7FIY6_CANLF) with a starting sequence 

which shows more similarity to the human one (P53_CANLF) and is marked as reviewed or 

manually annotated (as of September 2019).  Both sequences were included in the alignment but 

for processing only F1PI27_CANLF was used, as its coordinates were used in the VEP 

annotation.  A similar deviation was noticed in the feline TP53 homolog, but only the reviewed 

record was used. 
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Figure 41.  TP53 amino acid sequence alignments.  Dog P53_CANLF corresponds to the uniport id 

E7FIY6_CANLF. 

 

Appendix 2 Somatic Signatures 

 

Appendix 2.1 Methods 

 

Somatic/mutational signature discovery was performed using the R libraries 

MutationalPatterns (155), and NMF (156).  The trinucleotide mutation counts were stratified by 

mutation context, using a nonnegative matrix factorization algorithm.  This was done for prior 

sets of 2 to 5.  The number of somatic signatures was chosen manually based on the maximum 
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differentiation between signatures.  This analysis was redone with the R library signer (157) to 

see if its automatic Bayesian nonnegative matrix factorization algorithm implementation chose 

the same number of somatic signatures. 

The trinucleotide mutation count for each sample was also compared to known COSMIC 

signatures, using cosine similarity.  The data and the signatures were than clustered together, 

using standard hierarchical clustering provided by the R library MutationalPatterns. 

The nonnegative matrix factorization estimates, and SignR suggested that there are 2 

signatures.  These two signatures didn’t resemble any COSMIC signature showing that canine 

appendicular osteosarcoma is most likely affected by different processes. 

Appendix 2.2 Results 

 

 The COSMIC signatures which had a recurrently relative contribution of greater than 0.1, 

were: 4, 6, 15, 18, 20, 23, and 24.  Signatures 4 and 24 are associated with carcinogens.  

Signatures 6, 15, 20 are associated with mismatch repair.  Signature 18 may be caused by 

damage from oxygen species.  Signature 23 is of unknown etiology. 
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Figure 42.  Top: cosine similarity between samples and COSMIC signatures, bottom: relative contribution of 

cosine similarity between samples and COSMIC signatures. 

 

Appendix 2.3 Discussion 

 

The two mutational signatures found in this group of samples were novel and didn’t 

conform to known signatures found in other canine osteosarcoma studies which found COSMIC 

1 and 17 signatures(24).  Though one of the signatures resembled COSMIC 1, clustering analysis 

did not show a significant cosine similarity between the data and COSMIC 1.   Many of the 

COSMIC signatures with recurrent similarities to the data, were known to be caused by faulty 

mismatch repair in human cancers, suggesting similar mechanisms may be causing these novel 

signatures. 

These results are inconsistent with previous reported somatic signatures in canine 

osteosarcoma.  This is probably due to the small targeted exome sample used for this study.  It 

has been shown in a previous study that there are differences between the somatic signatures 

found in whole exome and whole genome data sets(25).  This is probably due to exome 

sequences being under a higher selective pressure than sequences in other regions of the genome.  

Due to these selective pressures and the small set of genes used for this study it is unlikely that 

any accurate somatic signature could be found in this dataset. 
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Appendix 3 Sequenza Analysis 

 

The R library sequenza was used to estimate ploidy and cellularity for all the samples.  

Overall the analysis returned estimates which had similar cellularities but significantly different 

ploidies (Figure).  The point solutions also would return ploidies much higher than expected for 

most of the samples.  This result was similar for BAM files consisting of only a single run, and 

BAM files resulting from merging all the runs for a given sample.   

The cellularities estimated by the point estimate were used to adjust the AF such that it 

would be the frequency amongst tumor cells only.   

 

𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 𝐴𝑙𝑙𝑒𝑙𝑖𝑐 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑎𝑟𝑖𝑎𝑛𝑡 𝑟𝑒𝑎𝑑𝑠

(𝑟𝑒𝑎𝑑 𝑑𝑒𝑝𝑡ℎ) ∗ 𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟𝑖𝑡𝑦
=  

𝑎𝑙𝑙𝑒𝑙𝑖𝑐 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦

𝑐𝑒𝑙𝑙𝑢𝑙𝑎𝑟𝑖𝑡𝑦
 

 

The cellularity adjusts the read depth as to make the number comparable to the relative 

amount of normal versus tumor reads.  The issue with this adjustment is that it does not factor in 

the differences between normal and tumor ploidy at the given position of the somatic variant in 

question.  For osteosarcoma in particular this adjustment is inaccurate as this cancer has many 

SCNAs.  As sequenza estimated unexpectedly large ploidy values, they weren’t used to in any 

further calculations.  These ploidy values might have been correct, which would have shown that 

most samples are severely affected by aneuploidy, but this should be confirmed by experiments. 

When the cellularities were used to adjust the allelic frequencies, the average AF 

increased, as would be expected, but the difference between primary and metastatic allelic 

frequencies did not change significantly. 

 

 

Appendix 4 Target Genes 

 

The targeted genes used in targeted exome sequencing are listed below.  They were annotated by 

David Adam’s lab. 

 

Human Gene Name Dog Gene IDs (Dog Gene Names) 

ABCB1 ENSCAFG00000001835 (MDR1) 

ABI1 ENSCAFG00000004365 (ABI1) 
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ABL1 ENSCAFG00000019938 (ABL1) 

ABL2 ENSCAFG00000013920 (ABL2) 

ACVR2A ENSCAFG00000005507 (ACVR2A) 

ADAM17 ENSCAFG00000003383 (ADAM17) 

ADAM29 ENSCAFG00000024726 (ADAM29) 

ADAMTS18 ENSCAFG00000020038 (ADAMTS18) 

ADAMTS20 ENSCAFG00000009744 (ADAMTS20) 

ADAMTSL3 ENSCAFG00000013288 (ADAMTSL3) 

AKT1 ENSCAFG00000018354 (AKT1) 

AKT1S1 ENSCAFG00000003475 (AKT1S1) 

AKT2 ENSCAFG00000005388 (AKT2) 

AKT3 ENSCAFG00000015806 (AKT3) 

ALK ENSCAFG00000005297 (ALK) 

ALPK3 ENSCAFG00000012927 (ALPK3) 

AMER1 ENSCAFG00000016549 (AMER1) 

AMER1 ENSCAFG00000016549 (AMER1) 

AMER2 ENSCAFG00000032600 (AMER2) 

APC ENSCAFG00000030887 (not annotated) 

AR ENSCAFG00000016656 (AR) 

ARAF ENSCAFG00000015115 (ARAF) 

ARFRP1 ENSCAFG00000030493 (ARFRP1) 

ARHGAP26 ENSCAFG00000006266 (ARHGAP26) 

ARID1A ENSCAFG00000012314 (ARID1A) 

ARID1B ENSCAFG00000000608 (ARID1B) 

ARID2 ENSCAFG00000009335 (ARID2) 

ARID5B ENSCAFG00000012991 (ARID5B) 

ASXL1 ENSCAFG00000007219 (ASXL1) 

ATG12 ENSCAFG00000000204 (ATG12) 

ATG2B ENSCAFG00000017729 (ATG2B) 

ATG5 ENSCAFG00000003701 (ATG5) 

ATG7 ENSCAFG00000005018 (ATG7) 

ATG9B ENSCAFG00000007216 (ATG9B) 

ATM ENSCAFG00000014454 (ATM) 
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ATR ENSCAFG00000007863 (ATR) 

ATRX ENSCAFG00000017252 (ATRX) 

AURKA ENSCAFG00000029331 (AURKA) 

AURKB ENSCAFG00000017008 (AURKB) 

AXIN1 ENSCAFG00000019684 (AXIN1) 

BAG4 ENSCAFG00000006108 (BAG4) 

BAP1 ENSCAFG00000009520 (BAP1) 

BCL11A ENSCAFG00000002955 (BCL11A) 

BCL2 ENSCAFG00000000068 (BCL2) 

BCL2A1 ENSCAFG00000013979 (BCL2A1) 

BCL2L1 ENSCAFG00000007053 (BCL-XL) 

BCL2L11 ENSCAFG00000030412 (BCL2L11) 

BCL2L2 ENSCAFG00000031094 (BCL2L2) 

BCL6 ENSCAFG00000013904 (BCL6) 

BCOR ENSCAFG00000014099 (BCOR) 

BCR ENSCAFG00000013773 (BCR) 

BECN1 ENSCAFG00000015763 (BECN1) 

BIRC2 ENSCAFG00000023029 (BIRC2) 

BIRC7 ENSCAFG00000012777 (BIRC7) 

BLM ENSCAFG00000012385 (BLM) 

BMPR1A ENSCAFG00000016077 (BMPR1A) 

BPTF ENSCAFG00000011552 (BPTF) 

BRAF ENSCAFG00000003907 (BRAF) 

BRCA1 ENSCAFG00000014600 (BRCA1) 

BRCA2 ENSCAFG00000006383 (BRCA2) 

BRIP1 ENSCAFG00000017737 (BRIP1) 

BUB1B ENSCAFG00000008877 (BUB1B) 

C10orf137 ENSCAFG00000012820 (C10orf137) 

C11orf30 ENSCAFG00000005263 (C11orf30) 

C8orf4 ENSCAFG00000005747 (C8orf4) 

CABLES1 ENSCAFG00000018207 (CABLES1) 

CACNA1C ENSCAFG00000016051 (CACNA1C) 

CACNA1D ENSCAFG00000008525 (CACNA1D) 
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CACNA1E ENSCAFG00000013004 (CACNA1E) 

CACNA1S ENSCAFG00000010884 (CACNA1S) 

CACNA2D1 ENSCAFG00000006339 (CACNA2D1) 

CACNA2D3 ENSCAFG00000008211 (CACNA2D3) 

CARD11 ENSCAFG00000016284 (CARD11) 

CASP8 ENSCAFG00000025192 (CASP8) 

CBL ENSCAFG00000012100 (CBL) 

CBLB ENSCAFG00000009793 (CBLB) 

CBLC ENSCAFG00000004651 (CBLC) 

CCND1 ENSCAFG00000010700 (CCND1) 

CCND2 ENSCAFG00000015381 (CCND2) 

CCND3 ENSCAFG00000001618 (CCND3) 

CCNE1 ENSCAFG00000007614 (CCNE1) 

CD79A ENSCAFG00000004980 (CD79A) 

CD79B ENSCAFG00000012677 (CD79B) 

CDC25B ENSCAFG00000006175 (CDC25B) 

CDC6 ENSCAFG00000016106 (CDC6) 

CDC73 ENSCAFG00000010525 (HRPT2) 

CDH1 ENSCAFG00000020305 (CDH1) 

CDH2 ENSCAFG00000018115 (NCAD) 

CDH20 ENSCAFG00000000086 (CDH20) 

CDH5 ENSCAFG00000020413 (CDH5) 

CDK12 ENSCAFG00000016411 (CDK12) 

CDK4 ENSCAFG00000000280 (CDK4) 

CDK6 ENSCAFG00000001998 (CDK6) 

CDK8 ENSCAFG00000006870 (CDK8) 

CDKN1B ENSCAFG00000013244 (CDKN1B) 

CDKN2A ENSCAFG00000001675 (CDKN2A) 

CDKN2B ENSCAFG00000001680 (CDKN2B) 

CDKN2C ENSCAFG00000028905 (CDKN2C) 

CEBPA ENSCAFG00000007407 (CEBPA) 

GRID1 ENSCAFG00000015954 (GRID1) 

GRIN2A ENSCAFG00000018970 (GRIN2A) 
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GRM3 ENSCAFG00000001790 (GRM3) 

GUCY1A2 ENSCAFG00000014739 (GUCY1A2) 

H3F3A ENSCAFG00000004916 (H3F3A) 

HEY1 ENSCAFG00000008391 (HEY1) 

HNF1A ENSCAFG00000010502 (HNF1) 

HOXA3 ENSCAFG00000032285 (HOXA3) 

HRAS ENSCAFG00000031029 (K-RAS) 

HSP90AA1 ENSCAFG00000018036 (HSP90AA1) 

HSP90AB1 ENSCAFG00000001981 (SLC29A1) 

ID1 ENSCAFG00000007045 (novel gene) 

IDH1 ENSCAFG00000013617 (IDH1) 

IDH2 ENSCAFG00000012052 (IDH2) 

IGF1R ENSCAFG00000010881 (IGF1R) 

IGF2R ENSCAFG00000000691 (CI-MPR/IGF2R) 

IKBKE ENSCAFG00000010239 (IKBKE) 

IKZF1 ENSCAFG00000003374 (IKZF1) 

IL21R ENSCAFG00000032590 (IL21R) 

IL6ST ENSCAFG00000006897 (IL6ST) 

IL7R ENSCAFG00000018752 (IL7R) 

INHBA ENSCAFG00000003550 (INHBA) 

INSR ENSCAFG00000018170 (INSR) 

INSRR ENSCAFG00000024151 (INSRR) 

IRS1 ENSCAFG00000010397 (IRS1) 

IRS2 ENSCAFG00000006058 (IRS2) 

ITGB4 ENSCAFG00000029346 (not annotated) 

ITK ENSCAFG00000017565 (ITK) 

JAK1 ENSCAFG00000018615 (JAK1) 

JAK2 ENSCAFG00000002102 (JAK2) 

JAK3 ENSCAFG00000015159 (JAK3) 

JUN ENSCAFG00000018897 (JUN) 

KAT6B ENSCAFG00000015357 (KAT6B) 

KDM5A ENSCAFG00000015781 (KDM5A) 

KDM5C ENSCAFG00000016133 (KDM5C) 
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KDM6A ENSCAFG00000014589 (KDM6A) 

KDR ENSCAFG00000002079 (KDR) 

KEAP1 ENSCAFG00000017784 (KEAP1) 

KIAA1549 ENSCAFG00000004115 (KIAA1549) 

KIF23 ENSCAFG00000017535 (KIF23) 

KIT ENSCAFG00000002065 (KIT) 

KLF6 ENSCAFG00000005354 (KLF6) 

KMT2B ENSCAFG00000006878 () 

KMT2C ENSCAFG00000004955 (KMT2C) 

KMT2D ENSCAFG00000008718 (KMT2D) 

KRAS ENSCAFG00000011428 (K-RAS) 

LCK ENSCAFG00000010625 (LCK) 

LFNG ENSCAFG00000016399 (LFNG) 

LGALS7 ENSCAFG00000005678 (LGALS7) 

LHX3 ENSCAFG00000019695 (LHX3) 

LIMK1 ENSCAFG00000012073 (LIMK1) 

LIMK2 ENSCAFG00000013044 (LIMK2) 

LMO1 ENSCAFG00000006909 (LMO1) 

LRP1B ENSCAFG00000005403 (LRP1B) 

LRRC10 ENSCAFG00000000434 (LRRC10) 

LRRK2 ENSCAFG00000009926 (LRRK2) 

LRRK2 ENSCAFG00000009926 (LRRK2) 

LSM1 ENSCAFG00000006113 (LSM1) 

MAFA ENSCAFG00000032457 (MAFA) 

MAP1LC3A ENSCAFG00000007559 (MAP1LC3A) 

MAP1LC3B ENSCAFG00000019909 () 

MAP2K1 ENSCAFG00000017298 (MAP2K1) 

MAP2K2 ENSCAFG00000019138 (MAP2K2) 

MAP2K4 ENSCAFG00000017851 (MAP2K4) 

MAP2K5 ENSCAFG00000017454 (MAP2K5) 

MAP2K6 ENSCAFG00000010758 (MAP2K6) 

MAP2K7 ENSCAFG00000031522 (MAP2K7) 

MAP3K1 ENSCAFG00000006917 (MAP3K1) 
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MAP3K11 ENSCAFG00000013415 (MAP3K11) 

MAP3K12 ENSCAFG00000006918 (MAP3K12) 

MAP3K13 ENSCAFG00000013230 (MAP3K13) 

MAP3K14 ENSCAFG00000013774 (MAP3K14) 

MAP3K2 ENSCAFG00000004528 (MAP3K2) 

MAP3K3 ENSCAFG00000012934 (MAP3K3) 

MAP3K4 ENSCAFG00000000760 (MAP3K4) 

MAP3K5 ENSCAFG00000000251 (MAP3K5) 

MAP3K6 ENSCAFG00000012144 (MAP3K6) 

MAP3K7 ENSCAFG00000003123 (MAP3K7) 

MAP3K8 ENSCAFG00000003980 (MAP3K8) 

MAP3K9 ENSCAFG00000016679 (MAP3K9) 

MAP4K3 ENSCAFG00000006426 (MAP4K3) 

MAP4K4 ENSCAFG00000002162 (MAP4K4) 

MAPK1 ENSCAFG00000015421 (MAPK1) 

MAPK10 ENSCAFG00000009396 (MAPK10) 

MAPK7 ENSCAFG00000018202 (MAPK7) 

MAPK8 ENSCAFG00000006551 (MAPK8) 

MAPK8IP2 ENSCAFG00000000568 (MAPK8IP2) 

MAPK9 ENSCAFG00000000395 (MAPK9) 

MCL1 ENSCAFG00000012050 (MCL1) 

MDM2 ENSCAFG00000000418 (MDM2) 

MDM4 ENSCAFG00000009669 (MDM4) 

MED1 ENSCAFG00000016441 (MED1) 

MED12 ENSCAFG00000016972 (MED12) 

MED12L ENSCAFG00000008485 (MED12L) 

MED13 ENSCAFG00000017703 (MED13) 

MED29 ENSCAFG00000005533 (MED29) 

MEF2C ENSCAFG00000008302 (MEF2C) 

MEN1 ENSCAFG00000014185 (MEN1) 

MET ENSCAFG00000003406 (MET) 

MIEN1 ENSCAFG00000016339 (C17ORF37) 

PTCH1 ENSCAFG00000001246 (PTCH1) 
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PTCH2 ENSCAFG00000004694 (PTCH2) 

PTEN ENSCAFG00000015670 (PTEN) 

PTP4A1 ENSCAFG00000002490 (PTP4A1) 

PTP4A3 ENSCAFG00000001237 (PTP4A3) 

PTPN11 ENSCAFG00000008894 (PTPN11) 

PTPRD ENSCAFG00000001460 (PTPRD) 

PTPRF ENSCAFG00000005069 (PTPRF) 

PTPRN2 ENSCAFG00000032520 (PTPRN2) 

PTPRS ENSCAFG00000018859 (PTPRS) 

PTPRT ENSCAFG00000009280 (PTPRT) 

RAB23 ENSCAFG00000002459 (RAB23) 

RAB25 ENSCAFG00000016866 (RAB25) 

RAC1 ENSCAFG00000015716 (RAC1) 

RAF1 ENSCAFG00000004951 (RAF1) 

RAP1A ENSCAFG00000013686 (RAP1A) 

RAP1B ENSCAFG00000000415 (RAP1B) 

RARA ENSCAFG00000016060 (RARA) 

RASGRF2 ENSCAFG00000008744 (RASGRF2) 

RB1 ENSCAFG00000004436 (RB1) 

RBL1 ENSCAFG00000008696 (RBL1) 

RECQL4 ENSCAFG00000001569 (RECQL4) 

REG4 ENSCAFG00000029705 (REG4) 

REL ENSCAFG00000002981 (REL) 

RET ENSCAFG00000007076 (RET) 

RHEB ENSCAFG00000004894 (RHEB) 

RHOA ENSCAFG00000018512 (novel) 

RHOB ENSCAFG00000003850 (RHOB) 

RHOC ENSCAFG00000013413 (RHOC) 

RHOD ENSCAFG00000011814 (RHOD) 

RHOF ENSCAFG00000008188 (RHOF) 

RHOG ENSCAFG00000005889 RHOG) 

RHOH ENSCAFG00000015923 (RHOH) 

RICTOR ENSCAFG00000018637 (RICTOR) 
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RIPK3 ENSCAFG00000012367 (RIPK3) 

RND1 ENSCAFG00000008811 (RND1) 

RND2 ENSCAFG00000014610 (RND2) 

RND3 ENSCAFG00000029252 (RND3) 

RNF139 ENSCAFG00000029985 (RNF139) 

RNF43 ENSCAFG00000017526 (RNF43) 

ROBO1 ENSCAFG00000007903 (ROBO1) 

ROBO2 ENSCAFG00000007956 (ROBO2) 

ROCK1 ENSCAFG00000018282 (ROCK1) 

ROCK2 ENSCAFG00000003549 (ROCK2) 

ROR2 ENSCAFG00000002163 (ROR2) 

ROS1 ENSCAFG00000000923 (ROS1) 

RPS6KA2 ENSCAFG00000000828 (RPS6KA2) 

RPS6KA3 ENSCAFG00000013171 (RPS6KA3) 

RPS6KA4 ENSCAFG00000031793 (RPS6KA4) 

RPS6KA6 ENSCAFG00000017373 (RPS6KA6) 

RPS6KB1 ENSCAFG00000017679 (RPS6KB1) 

RPTOR ENSCAFG00000005692 (RPTOR) 

RRM2B ENSCAFG00000000602 (RRM2B) 

RSPO2 ENSCAFG00000000696 (RSPO2) 

RSPO3 ENSCAFG00000001067 (RSPO3) 

RUNX1 ENSCAFG00000009596 (RUNX1) 

RUVBL1 ENSCAFG00000004123 (RUVBL1) 

SATB1 ENSCAFG00000005839 (SATB1) 

SATB2 ENSCAFG00000010971 (SATB2) 

SBDS ENSCAFG00000010797 (SBDS) 

SDHAF2 ENSCAFG00000030303 (SDHAF2) 

SDHB ENSCAFG00000015832 (SDHB) 

SDHC ENSCAFG00000012992 (SDHC) 

SETD2 ENSCAFG00000013392 (SETD2) 

SF3B1 ENSCAFG00000010826 (SF3B1) 

SFTPA1 ENSCAFG00000015754 (not annotated) 

SHC1 ENSCAFG00000017156 (SHC1) 
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SKP2 ENSCAFG00000018725 (SKP2) 

SLIT2 ENSCAFG00000016608 (SLIT2) 

SMAD2 ENSCAFG00000017567 (SMAD2) 

SMAD3 ENSCAFG00000017388 (SMAD3) 

SMAD4 ENSCAFG00000000164 (MADH4) 

SMAD4 ENSCAFG00000000164 (MADH4) 

SMARCA2 ENSCAFG00000002013 (SMARCA2) 

SMARCA4 ENSCAFG00000017584 (SMARCA4) 

SMARCB1 ENSCAFG00000014105 (SMARCB1) 

SMO ENSCAFG00000001531 (SMO) 

SMURF1 ENSCAFG00000015133 (SMURF1) 

SNX31 ENSCAFG00000000563 (SNX31) 

SOCS1 ENSCAFG00000018916 (SOCS1) 

SOX10 ENSCAFG00000001436 (SOX10) 

SOX2 ENSCAFG00000011642 (SOX2) 

SOX9 ENSCAFG00000004374 (SOX9) 

SPEN ENSCAFG00000016132 (SPEN) 

SPOP ENSCAFG00000016942 (SPOP) 

SRC ENSCAFG00000008755 (SRC) 

SRSF2 ENSCAFG00000005147 (not annotated) 

STAT3 ENSCAFG00000015213 (STAT3) 

STK11 ENSCAFG00000019538 (STK11) 

STK19 ENSCAFG00000030944 (STK19) 

STYK1 ENSCAFG00000013417 (STYK1) 

SUFU ENSCAFG00000010221 (SUFU) 

SYK ENSCAFG00000002171 (SYK) 

TACC1 ENSCAFG00000005876 (TACC1) 

TAOK1 ENSCAFG00000018898 (TAOK1) 

TAOK3 ENSCAFG00000009924 (TAOK3) 

TBX3 ENSCAFG00000009216 (TBX3) 

TDP2 ENSCAFG00000010428 (TDP2) 

TEK ENSCAFG00000001713 (TEK) 
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TERF1 ENSCAFG00000007975 (TERF1) 
 

CHD1 ENSCAFG00000007672 (CHD1) 

CHD1L ENSCAFG00000010944 (CHD1L) 

CHEK1 ENSCAFG00000010551 (CHEK1) 

CHEK2 ENSCAFG00000011919 (CHEK2) 

CHUK ENSCAFG00000009588 (CHUK) 

CIC ENSCAFG00000004858 (CIC) 

CKS1B (confirming homologs) 

CKS1B (confirming homologs) 

CLP1 ENSCAFG00000007815 (CLP1) 

COL22A1 ENSCAFG00000001178 (COL22A1) 

COPS3 ENSCAFG00000018463 (COPS3) 

CREBBP ENSCAFG00000019251 (CREBBP) 

CRKL ENSCAFG00000015188 (CRKL) 

CRLF2 ENSCAFG00000011034 (CRLF2) 

CSMD3 ENSCAFG00000000786 (CSMD3) 

CTCF ENSCAFG00000020355 (CTCF) 

CTNNB1 ENSCAFG00000005204 (CTNNB1) 

CYLD ENSCAFG00000009802 (CYLD) 

DAPK3 ENSCAFG00000019167 (DAPK3) 

DAXX ENSCAFG00000000981 (DAXX) 

DCUN1D1 ENSCAFG00000011734 (DCUN1D1) 

DDB2 ENSCAFG00000008852 (DDB2) 

DDX11 ENSCAFG00000015707 (DDX11) 

DDX3X ENSCAFG00000014251 (DDX3X) 

DEPTOR ENSCAFG00000000885 (DEPTOR) 

DHRS13 ENSCAFG00000008572 (DHRS13) 

DICER1 ENSCAFG00000017701 (DICER1) 

DNM2 ENSCAFG00000017651 (DNM2) 

DNMT3A ENSCAFG00000004159 (DNMT3A) 

DYRK1B ENSCAFG00000005428 (DYRK1B) 

DYRK2 ENSCAFG00000000407 (DYRK2) 



106 
 
 

 

E2F3 ENSCAFG00000031036 (E2F3) 

EEF1A2 ENSCAFG00000009973 () 

EGFR ENSCAFG00000003465 (EGFR) 

EIF5A2 ENSCAFG00000029203 (EIF5A2) 

ELK3 ENSCAFG00000006454 (ELK3) 

EP300 ENSCAFG00000001125 (EP300) 

EP400 ENSCAFG00000006377 (EP400) 

EPHA3 ENSCAFG00000008741 (novel gene) 

EPHA5 ENSCAFG00000002714 (EPHA5) 

EPHA6 ENSCAFG00000009081 (EPHA6) 

EPHA7 ENSCAFG00000003332 (EPHA7) 

EPHB1 ENSCAFG00000006971 (EPHB1) 

EPHB4 ENSCAFG00000014162 (EPHB4) 

EPHB6 ENSCAFG00000003745 (EPHB6) 

ERAL1 ENSCAFG00000018813 (cfa-mir-451) 

ERBB2 ENSCAFG00000016351 (ERBB2) 

ERBB3 ENSCAFG00000000097 (ERBB3) 

ERBB4 ENSCAFG00000023258 (ERBB4) 

ERCC2 ENSCAFG00000004487 (ERCC2) 

ERCC3 ENSCAFG00000004497 (ERCC3) 

ERCC4 ENSCAFG00000018827 (ERCC4) 

ESR1 ENSCAFG00000000430 (ESR1) 

ETV1 ENSCAFG00000002342 (ETV1) 

EXT1 ENSCAFG00000000831 (EXT1) 

EXT2 ENSCAFG00000009477 (EXT2) 

EZH2 ENSCAFG00000003411 (EZH2) 

FADD ENSCAFG00000024984 (FADD) 

FAM46C ENSCAFG00000009883 (FAM46C) 

FAM60A ENSCAFG00000010685 (FAM60A) 

FANCA ENSCAFG00000019813 (FANCA) 

FANCC ENSCAFG00000001286 (FANCC) 

FANCD2 ENSCAFG00000005182 (FANCD2) 

FANCE ENSCAFG00000001313 (FANCE) 
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FANCF ENSCAFG00000029498 (FANCF) 

FANCG ENSCAFG00000001995 (FANCG) 

FAS ENSCAFG00000015712 (FAS) 

FBXO11 ENSCAFG00000002669 (FBXO11) 

FBXW7 ENSCAFG00000008141 (FBXW7) 

FGFR1 ENSCAFG00000005970 (FGFR1) 

FGFR2 ENSCAFG00000012374 (FGFR2IIIC) 

FGFR3 ENSCAFG00000014993 (FGFR3) 

FGFR4 ENSCAFG00000016518 (FGFR4) 

FH ENSCAFG00000015704 (FH) 

FLCN ENSCAFG00000018469 (FLCN) 

FLNB ENSCAFG00000007603 (FLNB) 

FLNC ENSCAFG00000001585 (FLNC) 

FLOT2 ENSCAFG00000018824 (FLOT2) 

FLT1 ENSCAFG00000006701 (FLT1) 

FLT3 ENSCAFG00000006716 (FLT3) 

FLT4 ENSCAFG00000000482 (FLT4) 

FOXA1 ENSCAFG00000013743 (FOXA1) 

FOXL2 ENSCAFG00000007585 (FOXL2) 

FOXO1 ENSCAFG00000005965 (FOXO1) 

FOXP4 ENSCAFG00000001596 (FOXP4) 

FUBP1 ENSCAFG00000020361 (FUBP1) 

GAB2 ENSCAFG00000004782 () 

GABRG1 ENSCAFG00000001878 (GABRG1) 

GATA1 ENSCAFG00000015572 (GLOD5) 

GATA2 ENSCAFG00000004143 (GATA2) 

GATA3 ENSCAFG00000005019 (GATA3) 

GATA6 ENSCAFG00000023151 (GATA6) 

GNAQ ENSCAFG00000001579 (GNAQ) 

GNAS ENSCAFG00000023756 (GNAS) 

GOPC ENSCAFG00000000928 (GOPC) 

GPC3 ENSCAFG00000018864 (GPC3) 

GPC5 ENSCAFG00000005311 (GPC5) 
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GPR124 ENSCAFG00000006188 (GPR124) 

GRB2 ENSCAFG00000030297 (GRB2) 

GRB7 ENSCAFG00000016328 (GRB7) 

MIRLET7C ENSCAFG00000020496 (cfa-let-7c) 

MIRLET7F1 ENSCAFG00000020535 (cfa-let-7f) 

MIRLET7G ENSCAFG00000020609 (cfa-let-7g) 

MITF ENSCAFG00000006496 (MITF) 

MLH1 ENSCAFG00000004783 (MLH1) 

MLST8 ENSCAFG00000019407 (MLST8) 

MMP2 ENSCAFG00000009421 (MMP2) 

MMP8 ENSCAFG00000023335 (MMP8) 

MPL ENSCAFG00000023766 (MPL) 

MRAS ENSCAFG00000007541 (MRAS) 

MRE11A ENSCAFG00000004162 (MRE11A) 

MRPL41 ENSCAFG00000019403 (MRPL41) 

MSH2 ENSCAFG00000002659 (MSH2) 

MSH6 ENSCAFG00000002664 (MSH6) 

MST1 ENSCAFG00000011411 (MST1) 

MTDH ENSCAFG00000009488 (MTDH) 

MTOR ENSCAFG00000016648 (MTOR) 

MUC19 ENSCAFG00000009900 (MUC19) 

MUTYH ENSCAFG00000004612 (MUTYH) 

MYB ENSCAFG00000000230 (C-MYB) 

MYC ENSCAFG00000001086 (MYC) 

MYCL ENSCAFG00000003022 (MYCL1) 

MYCN ENSCAFG00000003715 (MYCN) 

MYD88 ENSCAFG00000004966 (MYD88) 

MYO3A ENSCAFG00000004279 (MYO3A) 

MYO5B ENSCAFG00000018982 (MYO5B) 

MYOC ENSCAFG00000014924 (MYOC) 

NBN ENSCAFG00000008992 (not annotated) 

NBN ENSCAFG00000008992 (not annotated) 

NCOA2 ENSCAFG00000007775 (NCOA2) 
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NCOA3 ENSCAFG00000010812 (NCOA3) 

NCOR1 ENSCAFG00000018040 (NCOR1) 

NF1 ENSCAFG00000018592 (NF1) 

NF2 ENSCAFG00000012307 (NF2) 

NFE2L2 ENSCAFG00000013506 (NFE2L2) 

NGFR ENSCAFG00000016934 (NGFR) 

NKX2-8 ENSCAFG00000028557 (NKX2-8) 

NLK ENSCAFG00000018650 (NLK) 

NOTCH1 ENSCAFG00000019633 (NOTCH1) 

NOTCH2 ENSCAFG00000010476 (NOTCH2) 

NOTCH3 ENSCAFG00000016107 (NOTCH3) 

NOTCH4 ENSCAFG00000000791 (NOTCH4) 

NOV ENSCAFG00000030440 (NOV) 

NPM1 ENSCAFG00000016912 (NPM1) 

NRAS ENSCAFG00000009532 (N-RAS) 

NTRK1 ENSCAFG00000016528 (NTRK1) 

NTRK2 ENSCAFG00000001380 (NTRK2) 

NTRK3 ENSCAFG00000011457 (NTRK3) 

OR5L1 ENSCAFG00000031080 (not annotated) 

ORAOV1 ENSCAFG00000010698 (ORAOV1) 

PAICS ENSCAFG00000002236 (PAICS) 

PAK1 ENSCAFG00000004956 (PAK1) 

PAK3 ENSCAFG00000018154 (PAK3) 

PALB2 ENSCAFG00000030772 (PALB2) 

PAX5 ENSCAFG00000002357 (PAX5) 

PAX9 ENSCAFG00000013690 (PAX9) 

PBRM1 ENSCAFG00000009084 (PBRM1) 

PDGFRA ENSCAFG00000002057 (PDGFRA) 

PDGFRB ENSCAFG00000018214 (PDGFRB) 

PEA15 ENSCAFG00000012475 (PEA15) 

PHB ENSCAFG00000030858 (PHB) 

PHF12 ENSCAFG00000018842 (PHF12) 

PHF6 ENSCAFG00000018867 (PHF6) 
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PHGDH ENSCAFG00000025283 (PHGDH) 

PHLPP2 ENSCAFG00000020189 (PHLPP2) 

PHOX2B ENSCAFG00000001795 (PHOX2B) 

PIK3C2A ENSCAFG00000031546 (PIK3C2A) 

PIK3C2B ENSCAFG00000009661 (PIK3C2B) 

PIK3C2G ENSCAFG00000012564 (PIK3C2G) 

PIK3C3 ENSCAFG00000017725 (PIK3C3) 

PIK3CA ENSCAFG00000011212 (PIK3CA) 

PIK3CG ENSCAFG00000003977 (PIK3CG) 

PIK3R1 ENSCAFG00000007626 (PIK3R1) 

PIK3R2 ENSCAFG00000014978 (not annotated) 

PIK3R2 ENSCAFG00000014978 (not annotated) 

PIK3R4 ENSCAFG00000006049 (PIK3R4) 

PIK3R5 ENSCAFG00000017387 (PIK3R5) 

PIM1 ENSCAFG00000001448 (PIM1) 

PKHD1 ENSCAFG00000002165 (PKHD1) 

PLA2G10 ENSCAFG00000018788 (PLA2G10) 

PLAT ENSCAFG00000005282 (not annotated) 

PLCG1 ENSCAFG00000009082 (PLCG1) 

PMS1 ENSCAFG00000009394 (PMS1) 

PMS2 ENSCAFG00000015559 (PMS2) 

POT1 ENSCAFG00000001754 (POT1) 

POU1F1 ENSCAFG00000007781 (POU1F1) 

PPM1D ENSCAFG00000017757 (PPM1D) 

PPP2R1A ENSCAFG00000002772 (PPP2R1A) 

PPP6C ENSCAFG00000018536 (PPP6C) 

PRDM1 ENSCAFG00000003694 (PRDM1) 

PREX2 ENSCAFG00000007620 (PREX2) 

PRF1 ENSCAFG00000014071 (PRF1) 

PRG4 ENSCAFG00000013691 (PRG4) 

PRKAR1A ENSCAFG00000010999 (PRKAR1A) 

PRKCA ENSCAFG00000011326 (PRKCA) 

PRKCE ENSCAFG00000002610 (PRKCE) 
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PRKCG ENSCAFG00000002713 (not annotated) 

PRKCI ENSCAFG00000014823 (PRKCI) 

PRKDC ENSCAFG00000006555 (PRKDC) 

PRRC2C ENSCAFG00000014949 (PRRC2C) 

TERF2 ENSCAFG00000020267 (TERF2) 

TERF2IP ENSCAFG00000020066 (TERF2IP) 

TERT ENSCAFG00000010739 (TERT) 

TET2 ENSCAFG00000010876 (TET2) 

TGFBR2 ENSCAFG00000005449 (TGFBR2) 

TIMP1 ENSCAFG00000015155 (TIMP1) 

TIMP2 ENSCAFG00000005528 (TIMP2) 

TIMP3 ENSCAFG00000029189 (TIMP3) 

TIMP4 ENSCAFG00000005002 (TIMP4) 

TINF2 ENSCAFG00000025565 (TINF2) 

TLR4 ENSCAFG00000003518 (TLR4) 

TNFAIP3 ENSCAFG00000000267 (TNFAIP3) 

TNFRSF11A ENSCAFG00000000075 (TNFRSF11A) 

TNFRSF14 ENSCAFG00000019422 (TNFRSF14) 

TNFSF11 ENSCAFG00000004675 (TNFSF11) 

TOP1 ENSCAFG00000009058 (TOP) 

TP53 ENSCAFG00000016714 (P53) 

TP63 ENSCAFG00000013961 (TP63) 

TP73 ENSCAFG00000019489 (P73) 

TPP1 ENSCAFG00000006502 (TPP1) 

TRAF2 ENSCAFG00000019541 (TRAF2) 

TRIB1 ENSCAFG00000001077 (TRIB1) 

TRIM24 ENSCAFG00000004336 (TRIM24) 

TRIM27 ENSCAFG00000012020 (TRIM27) 

TRRAP ENSCAFG00000015242 (TRRAP) 

TSC1 ENSCAFG00000019882 (TSC1) 

TSC2 ENSCAFG00000019438 (TSC2) 

TSEN34 ENSCAFG00000002675 (TSEN34) 

TSHR ENSCAFG00000017302 (TSHR) 
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TSPAN31 ENSCAFG00000000278 (SAS) 

TYR ENSCAFG00000004373 (TYR) 

U2AF1 ENSCAFG00000010572 (U2AF1) 

UBR5 ENSCAFG00000000619 (UBR5) 

ULK1 ENSCAFG00000006446 (ULK1) 

UNC79 ENSCAFG00000017606 (UNC79) 

USP9X ENSCAFG00000014207 (not annotated) 

VEGFA ENSCAFG00000001938 (VEGFA) 

VHL ENSCAFG00000005140 (VHL) 

WAS ENSCAFG00000015519 (WAS) 

WHSC1L1 ENSCAFG00000006057 (WHSC1L1) 

WIF1 ENSCAFG00000000364 (WIF1) 

WNK1 ENSCAFG00000015804 (WNK1) 

WNK2 ENSCAFG00000002266 (WNK2) 

WNK3 ENSCAFG00000016427 (FAM120C) 

WRN ENSCAFG00000006410 (WRN) 

WSB1 ENSCAFG00000018629 (WSB1) 

WT1 ENSCAFG00000007426 (WT1) 

WWTR1 ENSCAFG00000008356 (WWTR1) 

XPA ENSCAFG00000002454 (XPA) 

XPC ENSCAFG00000004467 (XPC) 

XPO1 ENSCAFG00000003050 (XPO1) 

YAP1 ENSCAFG00000031728 (YAP1) 

YEATS4 ENSCAFG00000000428 (YEATS4) 

YWHAB ENSCAFG00000009514 (YWHAB) 

YWHAQ ENSCAFG00000014869 (YWHAQ) 

YWHAZ ENSCAFG00000003455 (YWHAZ) 

ZBTB10 ENSCAFG00000008416 (ZBTB10) 

ZMYM3 ENSCAFG00000017043 (ZMYM3) 

ZNF217 ENSCAFG00000011813 (ZNF217) 

ZNF639 ENSCAFG00000011279 (ZNF639) 

ZNF704 ENSCAFG00000008422 (ZNF704) 

ZRSR2 ENSCAFG00000025134 (not annotated) 
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miR-145 ENSCAFG00000025649 

miR-155  ENSCAFG00000020623 

miR-15a ENSCAFG00000020487 

miR-15b ENSCAFG00000020641 

miR-16-1 ENSCAFG00000025739 

miR-16-2 ENSCAFG00000025632 

miR-17 ENSCAFG00000020467 

miR-181b-1 ENSCAFG00000020498 

miR-181b-2 ENSCAFG00000020470 

miR-29b-1 ENSCAFG00000020463 

miR-29b-2 ENSCAFG00000020630 

miR-203 ENSCAFG00000020625 

miR-211 ENSCAFG00000020506 

miR-103 ENSCAFG00000020490 

miR-10a ENSCAFG00000020642 

miR-126 ENSCAFG00000020620 

miR-130a ENSCAFG00000020465 

miR-130b ENSCAFG00000022893 

miR-142 ENSCAFG00000020626 

miR-146a ENSCAFG00000025665 

miR-146b ENSCAFG00000022817 

miR-148b ENSCAFG00000020584 

Table 7. Annotations for genes used in the targeted sequencing of canine appendicular OS. 


