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ABSTRACT 

Spontaneous cancers in dogs provide valuable yet underutilized models for cancer research. To 

enhance their utility, we comprehensively analyzed DNA sequencing data from 684 canine 

tumors using whole exome sequencing across over 35 breeds and 7 common cancer types. Our 

results demonstrated that the genetic landscape of canine cancers is predominantly driven by 

tumor type, with each cancer displaying distinct mutational patterns that mirror those in human 

counterparts. For example, canine mammary tumors had frequent PI3K pathway mutations, 

while osteosarcomas showed a high prevalence of TP53 mutations. We also found variable 

tumor mutation rates across cancer types, with higher rates in oral melanoma, osteosarcoma, and 

hemangiosarcoma but lower rates in mammary tumors and gliomas. Interestingly, mutation rates 

are consistently associated with TP53 but not PIK3CA mutations. In parallel, we developed an 

efficient pipeline to identify somatic mutations from tumor-only RNA-seq data by leveraging a 

large database of known human cancer mutations, variant allele frequencies, and machine 

learning. This approach reduced the need for matched normal samples while recapitulating 

expected mutation patterns, such as PIK3CA mutations in mammary tumors, and revealing 

consistent mutation rate patterns across canine cancer types. Our integrated analyses provide 



optimized methods to unlock the genetics of spontaneous canine cancers for translational insights 

into human disease. 
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CHAPTER 1 

LITERATURE REVIEW AND INTRODUCTION  

INTRODUCTION OF CANCERS 

 Cancer is the leading cause of death worldwide as reported by the World Health 

Organization (WHO) and estimated 608,570 Americans died in 2021, corresponding 1600 deaths 

per day1. Therefore, cancer causes significant economic and personal and national health impact. 

The magnitude of these numbers is not only a sobering reflection of the profound individual 

suffering but also a striking reminder of the substantial economic and public health impact that 

cancer wields. The gravity of the cancer challenge underscores the urgency of research and 

innovation in understanding its complex biology, identifying effective treatments, and ultimately 

finding a cure. By exploring somatic mutations and their potential as biomarkers for early 

detection and personalized therapies, we aim to enhance the arsenal of tools available in the fight 

against this pervasive disease. In the following sections, we will further explore the multifaceted 

nature of cancer, its underlying genetic complexity, and the rationale behind the use of the canine 

model as a valuable resource in advancing our understanding and treatment of this formidable 

adversary. 

CANCER BIOLOGY 

Understanding the features of the cancer is a crucial step to develop effective methods for 

diagnosis and treatment. The defining features of cancer, often referred to as "hallmarks," 
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encompass a range of physiological traits that enable malignant cells to thrive and evade the 

body's regulatory mechanisms2. These traits include: 

1. Self-Sufficiency in Growth Signals2: Unlike normal cells that depend on external signals to 

trigger growth, cancer cells are capable of autonomously generating their own growth signals. 

This autonomy reduces their reliance on external growth stimuli and enables uncontrolled 

proliferation, which is typically recognized as one of the initial and defining characteristics by 

cancer researchers2.  

2. Insensitivity to Growth2-Inhibitory Signals2: In contrast to normal cells, cancer cells display 

resistance to signals that inhibit their growth. While healthy cells would receive these signals and 

cease proliferation, cancer cells remain unresponsive and keep proliferation. 

3. Evasion of Programmed Cell Death2: Under normal circumstances, cells will undergo 

programmed cell death, known as apoptosis, when the cells have suffered severe damages or 

have outlived their utility. Cancer cells, however, have developed mechanisms to evade this 

critical self-destructive process, allowing them to persist, accumulate and promote uncontrolled 

cell proliferation. 

4. Limitless Replicative Potential2: Healthy cells possess a built-in mechanism that limits their 

capacity to replicate—a process known as cellular senescence. In contrast, cancer cells evade this 

limit, enabling them to divide indefinitely and amass a growing tumor. This trait is also known as 

immortalization3.  

5. Sustained Angiogenesis4: For tumor growth to continue, cancer cells must establish a network 

of blood vessels that supply them with the nutrients and oxygen needed to thrive. This process, 
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called angiogenesis, is a hallmark feature of cancer and represents a key driver of tumor 

expansion. 

6. Tissue Invasion & metastasis: Invasive behavior is a critical hallmark that empowers cancer 

cells to infiltrate neighboring tissues and even spread to distant sites in the body. This ability to 

invade and metastasize is a major contributor to the human cancer death5.  

The acquisition of hallmark features in cancer cells is intricately linked to genome instability and 

genetic mutations. Mutations can arise from various sources, including: 

 Replication Errors: During cell division, errors may occur in the duplication of DNA, 

leading to mutations in the resulting daughter cells6. 

 DNA Damage6: Exogenous factors, such as exposure to chemicals, ultraviolet (UV) light, 

and ionizing radiation, can inflict damage to the DNA. Furthermore, endogenous factors, 

such as reactive oxygen species, aldehydes, or errors during mitosis, can also induce DNA 

damage6. These damaging events may trigger mutations in the affected DNA sequences, 

further fueling the evolution of the cancer cell's genetic profile. 

Certain mutations in the genome provide growing advantage, leading to dominance in a local 

tissue environment.  

MUTATIONS ASSOCIATED WITH CANCER AND NORMAL CELLS: 

In the realm of genetic mutations, two types of mutations are discerned: germline 

mutations and the somatic mutations. Germline mutations occurs in sperm and eggs and they are 

heritable. Conversely, somatic mutations occur in other cell types and are non-heritable. Both 
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germline and somatic mutations have the potential to significantly reshape cellular function, 

providing a selective advantage to the affected cells, which, in turn, promotes their survival. This 

type of mutation is often referred as driver mutation7, in contrast to passenger mutations, which 

have either no phenotypic consequences or biological effects.  

In general, germline mutations are less frequently associated with cancer driver 

mutations, whereas somatic mutations are frequently linked to such driver mutations8. These 

driver mutations can manifest as gain-of-function alterations, such as the activation of oncogenes 

like KRAS and BRAF, which enhance cell growth and proliferation. Conversely, they can lead 

to loss-of-function mutations in tumor suppressor genes like TP53, BRCA1, and BRCA2, which 

normally serve to restrain cell growth and repair DNA damage.  

Understanding the intricacies of these genetic mutations and their consequences is central 

to unraveling the complexities of cancer biology. Therefore, determining the somatic mutation 

profile of cancer could elucidate biomarkers for early detection or personalized therapies.  

The progression of sequencing technology and analytical methodologies has opened the door to 

large-scale identification of somatic mutations across diverse cancer genomes. This advancement 

significantly bolsters the prospects of identifying crucial biomarkers for cancer treatment. 

CANINE CANCER ANIMAL MODELS 

A useful animal model is essential to accelerate the development of cancer treatment and 

enhance the understandings of tumor progression. Rodent models have been wildly used in 

preclinical studies and serve to replicate the disease process. However, crucial genetic molecular, 
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immunologic, environmental, and physiological differences may prohibit rodent models from 

serving as effective models for cancer treatment9. Therefore, many promising preclinical studies 

with rodent models failed to translate into clinical success10-12. Compared to rodents models, the 

dog model has several advantages.  

1. Pet dogs are exposed to similar carcinogens and microbes and share the same 

environment as their caregivers: Dogs can spontaneously develop cancer that 

resembles human cancer without genetic manipulation, thereby better reflecting the 

etiology of cancer development observed in humans13. Basically, canine cancers are 

described in the same language as that of human and can be classified according to 

histologic and/or clinical staging systems used in human cancers14. 

2. Dogs have large populations and comparable cancer incidence rate as human14: Cancer 

is the most common cause of death in dogs, affecting approximately four million dogs 

per year. Data from the Animal Tumor Registry of Genoa estimated that the incidence 

of cancer in dogs ranged from 99.3 to 272.1 per 100,000 dogs15. These data are 

comparable to the estimated cancer incidence in humans reported by the National 

Cancer Institute SEER program. 

3. Immune System Experience in Pet Dogs13: Pet dogs encountered various 

immunizations and infections prior to cancer development. This diverse 

immunological experience shapes their immune repertoire, making them more 

immunologically experienced than lab-raised rodents. Additionally, dogs often develop 

tumors spontaneously, allowing their immune systems extended time to recognize and 

respond to tumors before clinical diagnosis. This prolonged exposure to tumor antigens 

educates the canine immune system in a way that's unmatched by rodent models in the 



 

6 

laboratory, where tumors are artificially induced. This natural, extended interaction 

with tumor-associated antigens makes dogs valuable for studying immunotherapies in 

a context resembling human cancer development. 

With these advantages, researchers can enhance the efficiency of cancer therapy 

development and significantly accelerate the transition from preclinical studies to human clinical 

trials. Ultimately, the use of dogs as a model system not only benefits cancer research but also 

holds the potential to improve the lives of both human and canine patients, underscoring the 

mutually beneficial relationship between medical advancements and our furry companions. 
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CHAPTER 2 

CANINE TUMOR MUTATIONAL BURDEN IS CORRELATED WITH TP53 MUTATION 
ACROSS TUMOR TYPES AND BREEDS1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

——————————————  
1Alsaihati, B.A., Ho, K.L., Watson, J., Feng, Y., Wang, T., Dobbin, K.K., and Zhao,S.  (2021). 
Canine tumor mutational burden is correlated with TP53 mutation across tumor types and breeds. 
Nature Communication 12, 4670. 10.1038/s41467-021-24836-9.  
Reprinted here with the permission of the publisher. 
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ABSTRACT 

Spontaneous canine cancers are valuable but relatively understudied and underutilized 

models. To enhance their usage, we reanalyze whole exome and genome sequencing data 

published for 684 cases of >7 common tumor types and >35 breeds, with rigorous quality control 

and breed validation. Our results indicate that canine tumor alteration landscape is tumor type-

dependent, but likely breed-independent. Each tumor type harbors major pathway alterations also 

found in its human counterpart (e.g., PI3K in mammary tumor and p53 in osteosarcoma). 

Mammary tumor and glioma have lower tumor mutational burden (TMB) (median < 0.5 

mutations per Mb), whereas oral melanoma, osteosarcoma and hemangiosarcoma have higher 

TMB (median ≥ 1 mutations per Mb). Across tumor types and breeds, TMB is associated with 

mutation of TP53 but not PIK3CA, the most mutated genes. Golden Retrievers harbor a TMB-

associated and osteosarcoma-enriched mutation signature. Here, we provide a snapshot of canine 

mutations across major tumor types and breeds. 
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INTRODUCTION 

Cancers in pet dogs arise spontaneously in animals that have intact immune systems and 

share the same environment as humans.  Compared to traditional cancer models such as cell lines 

and rodents, these canine cancers more accurately emulate human cancers in etiology, 

complexity, heterogeneity, behavior, treatment and outcome.  Hence, they have the potential to 

effectively bridge a current gap between preclinical studies and human clinical trials, 

accelerating bench-to-bedside translation13,16,17.  As such, the National Cancer Institute (NCI) has 

recently issued programs targeting canine cancers.  These include funding multi-institute 

immunotherapy trials in pet dogs18 and a 5-year project to build the NCI Integrated Canine Data 

Commons19, a database for canine data dissemination similar to the cancer genome atlas (TCGA) 

data portal.  Private foundations are also funding canine studies, including the Vaccination 

Against Canine Cancer Study, a 5-year, $6 million trial to vaccinate 800 healthy dogs using 

tumor-specific neoantigens to determine if the vaccination will prevent or delay the onset of 

cancer20. 

However, current deficiencies create roadblocks to the effective use of canine cancers.  

This is clearly exemplified by sequence mutation, a hallmark of cancer21.  Mutation landscape, 

burden and signature have all been extensively investigated in human cancer via pan-cancer 

studies22-27.  However, to our knowledge, no pan-cancer research has been published for the dog, 

and fundamental questions remain unanswered.  For example, does canine tumor mutation 

landscape match that of human cancer?  Does canine tumor mutational burden (TMB) also vary 

significantly among cancer types, as it does in human cancers22,23?   
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The lack of pan-breed cancer study also leaves key questions unanswered.  For example, 

Golden Retrievers are predisposed to the development of osteosarcoma, lymphoma and 

hemangiosarcoma; do the mutation landscape and TMB of Golden Retriever differ among these 

cancer types?  Golden Retriever, Greyhound and Rottweiler dogs are all predisposed to 

osteosarcoma; do the mutation landscape and TMB of osteosarcoma differ among these breeds?  

Addressing these questions will significantly enhance the usage of >300 pure breeds of the dog 

in cancer research. 

To answer these questions, we performed a pan-tumor and pan-breed study with matched 

tumor and normal samples of 684 cases, which represent over 7 common canine tumor types and 

over 35 popular breeds, with published whole exome sequencing (WES)28-36 (654 cases) and/or 

whole genome sequencing (WGS) data30,37 (86 cases).  We performed comprehensive quality 

controls (QC), including breed validation, of these datasets.  We then investigated somatic 

mutations, which include somatic base substitutions and small indels, as well as gene 

amplifications and deletions in 597 tumors from 591 cases with WES data passing our QC 

measures.  Our results indicate that these alterations are tumor type-dependent, but mostly breed-

independent.  Across tumor types and breeds, TMB, defined as the number of somatic base 

substitutions and small indels per Mb callable coding sequence (CDS), is associated with 

mutation of TP53 but not PIK3CA, the two most mutated genes.  Finally, each tumor type 

harbors major pathway alterations that are also found in its human counterpart.  Our study 

provides a snapshot of mutations across major tumor types and breeds in pet dogs. 
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RESULTS 

Quality control (QC) of published canine sequencing data. 

The WES dataset consists of 1,316 paired tumor and normal samples of 654 animals from 

9 Bioprojects.  These include 204 cases (408 samples) of mammary tumor28,29, 56 cases (112 

samples) of glioma30, 61 cases (122 samples) of B-cell lymphoma31, 39 cases (78 samples) of T-

cell lymphoma31, 65 cases (136 samples) of oral melanoma32, 78 cases (156 samples) of 

osteosarcoma33,34, 68 cases (138 samples) of hemangiosarcoma35,36 and 83 cases (166 samples) 

of unclassified tumors.  They represent over 35 breeds, including Golden Retriever (163 dogs), 

Maltese (69 dogs), Poodle (38 dogs), Boxer (36 dogs) and others.   

One of the mammary tumor studies28 provides the most comprehensive case information, 

with patient (e.g., age, sex, breed), histological subtype and limited clinical (e.g., tumor 

invasiveness, patient alive/death status) data.  The osteosarcoma, lymphoma, glioma and 

hemangiosarcoma studies all have patient information, but lack clinical data.  The oral melanoma 

study lacks patient information, including breed.  

The WES data were generated by different groups, using different exome-capturing kits 

and Illumina sequencing machines.  We hence performed a rigorous QC to ensure that data 

chosen from each study meet a set of quality standards before any integrative analysis. 

For the sequencing amount, except for certain mammary and hemangiosarcoma sample 

sets, all datasets have a median of >50 million (M) read pairs per sample (Figure 2.1a).  We 

excluded two samples with <5M read pairs from further analyses.   
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We then examined the mapping of read pairs to the canine reference genome38.  Except 

for the glioma and one hemangiosarcoma datasets, all studies have >80% read pairs in nearly 

every sample uniquely and concordantly mapped to the genome, with the median close to or 

larger than 90% (Figure 2.1b).  We excluded 9 samples with mapping rates <60%.  Furthermore, 

except for glioma and hemangiosarcoma, nearly all samples have >70% reads (close to 90% for 

mammary and melanoma samples) with a mapping quality score of >30 (Figure 2.1c).  For the 

target rate, all studies except two have, on average, >50% read pairs that are uniquely and 

concordantly mapped placed to the CDS regions, with the melanoma study and one mammary 

tumor study28 achieving >60% (Figure 2.1d).  We excluded three samples with target rates 

<30%.  For the average mapped read coverage in CDS regions, except for a hemangiosarcoma 

dataset36, all studies have reached a median of >70X (Figure 2.1e).  We excluded 24 samples 

with coverage <30X.  For the mapped read distribution in the target regions (which reflects 

sequencing randomness), we determined the deviation of each sample from its theoretical 

Poisson distribution (as a completely random sequencing process can be approximated by the 

Poisson distribution).  The results indicate that one mammary tumor study28 has the most random 

sequencing, closely followed by the oral melanoma study (Figure 2.1f).  We excluded one 

sample which is a clear outlier (Figure 2.1f).  After these steps, all samples have >10Mb callable 

bases in total in CDS regions (used for somatic base substitution and small indel discovery; see 

Methods) (Figure 2.1g). 

To assess the tumor-normal sample-pairing accuracy, we used germline base substitution 

and small indel variants detected in each sample, assuming that correctly paired samples, 

compared to other samples in the same study, should share the most variants.  We found a total 

of 24 mis-paired cases (Figure 2.1h), and excluded them from further analysis.  



 

13 

In summary, our QC analysis indicates that one of the mammary studies28 and the oral 

melanoma study32 have the highest sequence quality, and that the mammary study28 has the most 

comprehensive case information.  A total of 591 cases (597 tumors and 591 matching normal 

samples) have passed our QC measures, and were used for further analyses.  

We also performed similar QC analyses on the WGS dataset, which consists of 172 

paired tumor and normal samples from 86 animals with glioma (67 cases)30, oral or ocular 

melanoma (4 cases)37, or osteosarcoma (15 cases)34.  Close to 30 breeds are covered, including 

Boxer (24 animals), Boston Terrier (11 animals) and others.  We found 25 samples with a 

mapping rate <60% and 25 samples with a sequence coverage <30X,  and excluded them from 

further analysis.  Because of the small sample size (only 72 paired tumor and normal samples 

from 36 cases passed QC), we used the WGS dataset only for breed validation and non-coding 

mutation signature finding.   

 

Breed-specific germline analysis for breed validation. 

To assess the breed data accuracy, we focused on the 10 pure breeds in the WES dataset 

with each having ≥10 animals passing QC measures specified in Figure 2.1.  We identified 5,363 

breed-specific variants, defined as germline base substitutions and small indels that are unique to 

or enriched in one of these breeds.  We then performed clustering analysis using the variant 

allele frequency (VAF) values of these variants in the normal samples of the animals.  Our 

analysis validated the breeds of 385 dogs and corrected 5 dogs with breed error (3 Yorkshire 

Terriers reassigned to 2 Shih Tzus and 1 Schnauzer; 1 Maltese each reassigned to Shih Tzu and 

Yorkshire Terrier) (Figure 2.2).  We also reclassified 5 dogs as “unknown”, as they lack VAF 

patterns seen in any of the 10 pure breeds (Figure 2.2).  
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To corroborate our strategy, we first performed the same clustering analyses using the 

WGS dataset after QC.  As shown in Figure 2.2, all 22 dogs (3 having WGS data only), whose 

reported breeds belong to one of the 10 pure breeds investigated above, were confirmed.  

Second, we divided the WES studies into discovery and validation sets based on their sample 

size.  We identified breed-specific germline variants for 9 pure breeds with ≥10 animals per 

breed in the discovery set, with which we clustered dogs from both sets.  The analysis confirmed 

17 of 19 animals from the validation set, and reassigned the breed for the remaining 2 dogs.  

These results indicate that our approach is valid.   

We repeated this analysis to attempt breed prediction for 107 cases in the WES dataset 

with no breed data (e.g., oral melanoma cases32).  We were able to unambiguously assign breeds 

to 50 dogs (14 to Golden Retriever, 10 to Cocker Spaniel, 8 each to Boxer and Rottweiler, 4 each 

to Shih Tzu and Maltese, and 1 each to Yorkshire Terrier and Schnauzer) (Figure 2.2).   

Lastly, we clustered all 626 animals with WES and/or WGS data passing QC (Figure 1), 

including 85 dogs with reported breeds not among the 10 pure breeds investigated (other breeds), 

as well as 24 dogs of mixed breed.  We hypothesize that if our approach is valid, the vast 

majority of these dogs would not cluster with the 10 pure breed dogs.  Our analysis classified 18 

mixed breed dogs as “unknown” and reassigned the remaining 6 dogs to specific pure breeds (2 

Maltese, 2 Schnauzer, 1 Rottweiler and 1 Shih Tzu).  For 85 dogs of other breeds, the analysis 

classified 82 dogs as “unknown” and reassigned the breed for the remaining 3 dogs.  All other 

dogs shared the same breed validation, correction, prediction and reclassification indicated in 

Figure 2.2.  The results support our hypothesis, indicating that our approach is effective.   

In summary, we discovered breed-specific germline variants for 10 breeds, with which 

we successfully validated 385 dogs, corrected 5 dogs and predicted 50 dogs in the WES dataset 
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for their breed assignment, as shown in Figure 2.2.  These dogs were used for downstream breed-

related analyses described later.   

Alteration landscape varies with tumor types but not breeds examined. 

For somatic mutations (i.e., base substitutions and small indels), we focused on the WES 

dataset, because of the large sample size (597 tumor-normal pairs from 591 cases after QC) and 

high sequencing coverage (Figure 2.1), and the CDS regions, which are more accurately 

annotated than other genomic regions.  We assembled a mutation discovery pipeline that used 

sequence coverage, mutant allele frequency (MAF) and paired-read strand orientation39 to reduce 

mutation artifacts (see Methods).  This effectively reduces C>T artifacts originated from the 

fixation process in FFPE samples40, as well as G>T artifacts arisen from 8-oxoG DNA oxidative 

damage39 in frozen samples of certain studies.   

We compared each mutation in each tumor between our study and the original 

publications, including the genomic coordinate and the actual mutation, which are published only 

for the mammary tumor28 and oral melanoma32 studies.  For oral melanoma, we found a median 

overlap rate of 67% with 5-step filtering and of 59% with further paired-read strand orientation 

filtering.  We manually examined >20 mutations detected only by our pipeline or in the original 

publications, and found that all appear to be valid base changes.  Thus, the difference is likely 

due to variations in read cleaning, germline mutation filtering and artifact filtering.  For 

mammary tumor, the overlap rate is lower (43%) due to different mutation calling software, as 

66% overlap was achieved when we used MuTect2 as in the original publication28.   

We identified genes that harbor somatic non-synonymous base substitutions or small 

indels, as well as genes that are amplified or deleted, in each tumor.  We then examined the 

alteration landscape (Figure 2.3a), which consists of these altered genes that can be detected at 
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≥0.8 power within a tumor type or a breed based on our sample size calculation.  The study 

reveals unique alteration features for each canine tumor type (Figure 2.3a), many of which are 

consistent with individual tumor type findings28-37,41. 

  Mammary tumors harbor frequent PI3K pathway alteration, with 50% of the tumors 

having at least one member gene altered (Figure 2.3a).  The PIK3CA H1047R mutation is 

especially common, found in 26% of the tumors.  However, another PIK3CA mutation hotspot, 

the E542/545 site, is intriguingly missing, differing from human breast cancer42.   

Oral melanoma and osteosarcoma both harbor frequent p53 pathway alteration (61%) 

(Figure 2.3a).  However, the actual altered genes differ, with TP53 mutated in 50% of 

osteosarcomas and MDM2 amplified in 45% of oral melanomas (Figure 2.3a).  Moreover, while 

deletion is common in osteosarcoma, amplification is frequent in oral melanoma.  Indeed, 

CDKN2A is deleted in 22% of osteosarcomas and CDK4 is amplified in 28% of oral melanomas, 

resulting in frequent cell cycle gene alteration in both tumor types.   

Hemangiosarcoma has a TP53 mutation frequency of 59%, the highest among the 7 

tumor types (Figure 2.3a).  PIK3CA is another frequently mutated gene, mutated in 31% of 

hemangiosarcomas.  The most significantly mutated genes include FBXW7 (encoding WNT 

signaling molecule) in B-cell lymphoma, SATB1 (functioning in chromatin remodeling) in T-cell 

lymphoma, and CALD1 (encoding an actin and myosin binding protein) in glioma (Figure 2.3a).  

However, they are less recurrent than PIK3CA mutation in mammary tumor or TP53 mutation in 

hemangiosarcoma or osteosarcoma (Figure 2.3a).   

In contrast to tumor type, the canine alteration landscape appears largely breed-

independent among the breeds examined (Figure 2.3a).  To statistically test this, we performed 

Fisher exact tests on the most recurrently altered genes (TP53, PIK3CA and CDKN2A) and 
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pathways (p53, PI3K, cell cycle and RTK/RAS) to achieve a larger power.  Most of these 

alterations do not differ significantly in their enrichment or depletion levels among different 

breeds within the same tumor type, unlike the tumor type comparison (Figure 2.3b).  For 

example, mammary tumors of Maltese, Shih Tzu and Yorkshire Terrier dogs all have frequent 

PIK3CA mutation and PI3K pathway alteration (Figure 2.3).  However, various tumor types of 

Golden Retriever dogs differ significantly in these alterations (Figure 2.3b). 

 

Canine TMB varies mostly among tumor types but not breeds. 

We investigated TMB, defined as the number of somatic base substitutions and small 

indels per Mb callable CDS, in each of the 597 canine tumors of the WES dataset after sequence 

QC (Figure 2.1).  To increase the accuracy, we first identified 1,564 retrogenes and other 

problematic genes (see Methods) in the current canine gene annotation database.  We excluded 

these problematic genes from TMB calculations, as they harbor significantly more mutations 

compared to protein-coding genes (Figure 2.6a). 

Resembling human cancer23, TMB varies among these canine tumors, ranging from 0 to 

36 (Figure 2.5).  However, the overall TMB is low, with a median of 0.53.  Hypermutation 

(TMB > 10) was found in 1.17% of canine tumors, and ultra-hypermutation (TMB > 100) was 

not detected in any tumors.  Both are rarer compared to adult human tumors, of which 2.3% are 

hypermutated and 0.32% are ultra-hypermutated.   

TMB varies among tumor types (Figure 2.6a).  Canine mammary tumor, glioma and B-

cell lymphoma have lower TMB, with a median range of 0.37-0.4, and are therefore classified as 

TMB-low (TMB-L) (Figure 2.6a).  Canine T-cell lymphoma, oral melanoma, osteosarcoma and 

hemangiosarcoma have significantly higher TMB, with a median range of 0.81-1.08, and are 



 

18 

thus classified as TMB-high (TMB-H) (Figure 2.6a).  Except for lymphomas (see Discussion), 

these findings are confirmed with different mutation discovery strategies.   

As sequence coverage influences the sensitivity of somatic mutation discovery43, we 

performed TMB comparison across tumor types controlling for sequence coverage (at 30-50x, 

50-100x and ≥100x).  The analysis confirms our original conclusion that TMB is tumor type-

dependent. 

Within the same tumor type, TMB appears to be similar among breeds, except for 

osteosarcoma where Golden Retrievers have significantly higher TMB than Rottweilers and 

Greyhounds (Figure 2.7a).  We thus conclude that canine TMB primarily varies with tumor 

types, but not breeds for those examined (Figure 2.7a).  

In general, canine TMB values are significantly lower than their human adult 

counterparts26, and are more comparable to their pediatric counterparts44,45 . 

 

Canine TMB is correlated with TP53 but not PIK3CA mutation.  

TP53 is mutated in 16.7% of the 597 canine tumors, and is the most frequently mutated 

gene (Figure 2.5).  Importantly, we observed a strong association between TP53 mutation and 

TMB across tumor types (Figure 2.6b).  This is clearly seen in canine hemangiosarcoma and 

osteosarcoma, both TMB-H (Figure 2.6a), and with TP53 mutated in 59% and 50% of their 

tumors respectively (Figure 2.3a).  The median TMB of osteosarcomas and hemangiosarcomas 

with mutant TP53 is increased to 1.31 and 1.33 respectively, from 0.7 and 0.67 for the 

corresponding tumors with wild type TP53 (Figure 2.6b).  A clear association between TMB and 

TP53 mutation is also noted across breeds (Figure 7b).  Indeed, the median TMB increases with 
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TP53 mutation in Golden Retriever (0.53 to 1.4), Maltese (0.34 to 0.93), Greyhound (0.7 to 1.25) 

and Rottweiler (0.78 to 0.96) (Figure 2.7b).   

PIK3CA is the second most frequently mutated gene, mutated in 16.4% of the tumors 

(Figure 2.5).  However, in contrast to TP53, we did not observe a strong association (P <0.05 

and median fold change >1.5) between TMB and PIK3CA mutation in any tumor type or breed 

(Figures 2.6b, and 2.7b).   

To unbiasedly screen the association between individual gene mutation and TMB, we 

studied all 104 genes that are mutated in ≥5 tumors in a tumor type or breed (which can be 

detected with a power >0.9).  We determined the association within each tumor type as shown in 

Figure 2.6a, as well as within a breed after normalizing each TMB value with its tumor type 

median.  In both analyses, TP53 remains the most significant gene across most tumor types and 

breeds.  The study also identified other genes with significant association within at least one 

tumor type or breed, including ASPM, which functions in mitotic spindle, and SPEF2 and FSIP2, 

both related to spermatogenesis.  Notably, many of these genes are mutually inclusive with TP53 

in mutation.   

At the pathway level, TMB is consistently associated with p53 pathway alteration.  Cell 

cycle is another pathway with the association found. Importantly, we also observed the 

association of TMB with TP53 mutation, but not with PIK3CA mutation, in corresponding 

human adult or pediatric cancers (Figure 2.6c).  Moreover, in breast cancer and pediatric cancer, 

TP53 has the most significant association revealed by unbiased screen.  These findings support 

the dog-human homology.  
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DISCUSSION 

Taking advantage of public canine data, we have investigated 684 canine cases of over 7 

tumor types and over 35 breeds that are common in dogs.  To our knowledge, this represents the 

first pan-tumor and pan-breed study for the dog.  We have built pipelines for comprehensive 

sequence QC, breed validation and artifact reduction in somatic mutation discovery.  

Importantly, our work answers several important questions regarding canine tumor mutation, 

leading to more precise use of the canine model in cancer research (e.g., tumor type, but not 

breed, should be a primary factor to consider in mutation-targeting therapy trials).   

 

Canine tumor alteration landscape, TMB and TP53. 

Our study indicates that the canine somatic alteration landscape is tumor type-dependent, 

but largely breed-independent, for the tumor types and breeds examined here.  Each of the 7 

canine tumor types harbors distinct gene mutations and copy number alterations.  The difference 

is especially evident among adenoma/carcinoma, sarcoma and lymphoma.  Moreover, the 

alteration landscape is similar among different breeds within the same tumor type, but differs 

among different tumor types from the same breed.   

Canine TMB differs among adenoma/carcinoma, sarcoma and other tumor types; 

however, it generally does not vary with breed for those examined.  Loss of function of TP53 is a 

potential reason.  Canine osteosarcoma, hemangiosarcoma and oral melanoma harbor higher 

TMB, as well as frequent TP53 mutation or MDM2 amplification (which promotes TP53 protein 

degradation).  In contrast, canine mammary tumor and glioma harbor infrequent TP53 mutation 

and lower TMB.  Moreover, TP53 mutation is strongly associated with TMB across tumor types 

and breeds, a pattern not observed for PIK3CA, the second most frequently mutated gene after 
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TP53.  We propose that these observations are related to the cells of origin and tumorigenesis 

mechanisms, as discussed below.  

  Mammary adenomas or carcinomas originate from epithelial cells.  The establishment of 

epithelial cell apical-basolateral polarity decreases cell proliferation and invasiveness, acting as a 

potent tumor suppressor46-48.  PIK3CA H1047R mutation, common in canine mammary tumors, 

increases cell stemness49 and decreases epithelial cell polarity, leading to accelerated cell 

proliferation and tumorigenesis.  However, even with accelerated cell proliferation, the cell cycle 

checkpoint is functional and DNA damage can be repaired.  This leads to slower accumulation of 

mutations in the genome and lower TMB.   

Hemangiosarcoma, osteosarcoma and oral melanoma arise from mesenchymal cells, 

which lack cell polarity and cell adhesion.  Loss of function of TP53, due to either TP53 

mutation or MDM2 amplification, leads to defective cell cycle checkpoints and accelerated cell 

cycle.  As a result, fewer DNA damages are repaired and fewer DNA replication errors are 

corrected50, leading to rapid accumulation of mutations in the genome and higher TMB. 

In supporting the hypothesis above, we have noted a strong association between cell 

cycle gene alteration and TMB.  However, further experimental and computational analyses are 

required to test this hypothesis.   

Compared to B-cell lymphomas, T-cell lymphomas harbor more somatic base 

substitutions that have low MAF and are more random, resulting in a higher TMB using our 

main mutation discovery pipeline.  More studies are required to understand this.  
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Dog-human comparison 

Our pan-cancer study reveals dog-human homology in the alteration landscape.  Each 

canine tumor type shares many of the major pathway and gene alterations with its human 

counterpart.  However, certain differences are also noted.  Different subtype composition could 

be one reason, e.g., more frequent ERBB2 amplification in human breast cancer may be due to 

more prevalent Her2-enriched subtype in humans than in dogs.  Moreover, genes can be altered 

via other mechanisms not examined here, including epigenetic and expression alterations.  

Hence, future canine subtyping and dog-human subtype comparison, along with more 

comprehensive alteration investigation, may further increase the dog-human homology.  

The dog-human homology is also seen in TMB.  First, the order of canine tumor types 

sorted by TMB (i.e., mammary tumor < glioma < lymphoma, etc.) is the same as that of the 

corresponding human cancer types.  Second, across tumor types in both species, TMB is strongly 

associated with TP53 mutation and p53 pathway alteration, but not with PIK3CA mutation.  This 

may be related to cells of origin in both species, as discussed previously. 

Canine TMB is overall lower than the corresponding human adult TMB, but comparable 

to pediatric TMB.  Chronological age (in clock time) may be a factor, considering the dominance 

of the aging mutation signature (due to deamination of cytosine) in both species.  Difference in 

subtype composition and driver mutations is another reason, which is clearly seen in glioma 

where IHD1 mutation is frequent in humans but rare in dogs.  Tumor progression stage could 

also be a factor, as most human adult tumors26 used in the comparison are late stage tumors 

(nearly all of human breast tumors are invasive and 33% harbor TP53 mutation, while only half 

of canine mammary tumors are invasive and <5% harbor TP53 mutation).  Further studies are 

needed to address this TMB difference and underlying reasons. 
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MATERIALS AND METHODS  

Data collection 

Canine data:  Canine WES and WGS data were downloaded from the Sequence Read 

Archive (SRA) database, including PRJNA391455 (osteosarcoma), PRJNA489159 (mammary 

tumor), PRJEB12081 (oral melanoma), PRJNA579792 (glioma), PRJNA552034 

(hemangiosarcoma), PRJNA247493 (lymphoma and unclassified) and others.  We also obtained 

other information from relevant publications28-37,41,51,52.  

Canine genome canFam3.1 and gene annotation canFam3 1.99 GTF were downloaded 

from the Ensembl database.  Known canine germline base substitutions and small indels (55, 447 

and 895 total) were combined from 1) Ensembl canine dbSNP, canFam3; 2) the DoGSD 

database53 and 3) a published study54. 

Human data:  Mutated or amplified/deleted genes in human cancers were extracted from 

published studies, including 996 breast cancers55,56, 86 high grade pediatric gliomas45,57, 511 low 

grade adult gliomas56, 37 diffuse large B-cell lymphomas56,58, 42 T-cell lymphomas59, 59 

mucosal melanomas60, 57 pediatric osteosarcomas44, 46 adult osteosarcomas44 and 48 

angiosarcomas61.  Human TMB values were derived from published adult26,56,61 and pediatric44,45 

cancer studies.  Curated canonical cancer pathway gene lists were obtained from a TCGA pan 

cancer study62.  

 

Canine read mapping  

Canine sequence read pairs were mapped to the canine reference genome canFam3 using 

BWA-aln (version 07.17)63.  Concordantly and uniquely mapped pairs were identified based on 

the flag values and TAG values (with XT: AU or XT: AM), and were used to calculate the 
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mapping rate of each sample.  Such pairs with at least one read with ≥1bp overlapping a coding 

sequence (CDS) region of the canFam3 1.99 GTF annotation were used to calculate the CDS-

targeting rate.  Mapped read coverage was obtained using GATK (version 3.8.1)64 

DepthOfCoverage, with minimum mapping quality 10 and base quality 10.  Sequencing 

randomness was assessed with the root mean square error (RMSE) between the actual read 

coverage distribution in target regions and the theoretical Poisson distribution, with λ set to the 

mean coverage of each sample. 

 

Germline base substitution and small indel calling 

Germline base substitutions and small indels were first called by applying GATK 3.8.1 

HaplotypeCaller to the realigned bam files of individual tumor or normal samples (see Somatic 

mutation calling) with parameters of dontUseSoftClippedBases -stand_call_conf 20.0.  Variants 

were then filtered with GATK VariantFiltration with parameters of FS > 30.0 and QD < 2.0.  

Furthermore, variants with total read coverage <10 were excluded.  Only germline base 

substitutions and small indels that were detected in both tumor and normal samples of at least 

one case were used for further analyses below.  

 

Tumor-normal sample pairing accuracy 

For a given study, let 𝑇𝑇 and 𝑁𝑁 be the total number of germline base substitutions and 

small indels in a tumor and normal sample respectively, and 𝑆𝑆 be the total number of those 

shared between 𝑇𝑇 and 𝑁𝑁.  The shared fraction between the tumor sample of case 𝑖𝑖 (𝑇𝑇𝑖𝑖) and the 

normal sample of case 𝑗𝑗 (𝑁𝑁𝑗𝑗) is given by 𝐹𝐹𝑖𝑖,𝑗𝑗 = 𝑆𝑆𝑖𝑖,𝑗𝑗
min (𝑇𝑇𝑖𝑖, 𝑁𝑁𝑗𝑗)

.  When 𝑖𝑖 = 𝑗𝑗, “self” fraction (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖) is 

obtained.  When 𝑖𝑖 ≠ 𝑗𝑗, “nonself” fraction is obtained.  For a given case 𝑖𝑖, its best non-self match 
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is identified by 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑖𝑖 = max�𝐹𝐹𝑖𝑖,𝑗𝑗 ,𝐹𝐹𝑗𝑗,𝑖𝑖� , ∀ 𝑗𝑗 ∈ [1,𝑛𝑛] 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 ≠ 𝑖𝑖, where 𝑛𝑛 is the total 

case number of the study.  Thus, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖 − 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑖𝑖  is negative if and only if either the 

tumor or the normal sample of case 𝑖𝑖 has a better match to a sample of a different case, which 

indicates tumor-normal sample pairing error for case 𝑖𝑖. 

 

Breed validation and prediction (The whole algorithm is developed by Dr. Burair A. 

Alsaihati and I performed the task)  

Variant allele frequency (VAF) of each of the 157,628 germline base substitution and 

small indel variants identified as previously described was calculated in each normal sample by 

𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

.  Each variant was classified as reference (VAF <0.2), non-reference 

(VAF ≥0.2), or not determined (ND) if total read coverage <10.  Variants with ND in >20% 

samples were excluded, due to their poor coverage. 

  Only breeds with ≥10 dogs were used for breed-specific base substitution and small indel 

variant discovery.  A variant is considered “breed-specific” if it is either breed-unique or breed-

enriched.  To be considered breed-unique, a variant must be: 1) non-reference in ≥5 dogs of the 

breed; 2) non-reference in ≥40% dogs of the breed; and 3) reference in all dogs with ≥10 read 

coverage of the remaining breeds.  Breed-enriched variants were identified with Fisher exact 

tests between any two breeds using the reference and non-reference sample counts.  To be 

considered breed-enriched, a variant must be 1) enriched in breed A and 2) not enriched in any 

breed that is not A, against every other breed at P ≤0.1.  

  Identified breed-specific variants were used for breed validation or prediction.  First, to 

reduce noise, a sample to be validated or predicted should have >80% of the combined breed-

specific variant sites with ≥10 read coverage for VAF calculation.  For those sites with <10 read 
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coverage, a random VAF value was assigned to each site.  Breed validation was then achieved 

via standard hierarchical clustering with VAF values of breed-specific variants in the normal 

sample of each dog, as illustrated in Figure 2.2. 

  

Somatic mutation calling 

Somatic mutations include somatic base substitutions and small indels.  Canine read-pair 

mapping, selection, duplicate-marking with Picard (version 2.16.0), realignment with GATK 

(version 3.8.1)64 and other processing were performed as previously described51,52.   

MuTect (version 1.1.7)65 was then used to detect somatic base substitutions, with a 

minimum base quality of 30, and filtering known canine germline base substitutions from 

previously described sources.  Additional filtering steps were used to reduce artifacts.  First, the 

results were subjected to a 5-step filtering process as described32, which considers both total read 

coverage and mutant allele frequency (MAF).  This effectively reduces artifacts with very low 

MAF including: 1) C>T artifacts originated from the fixation process in FFPE samples40; and 2) 

G>T artifacts arisen from 8-oxoG DNA oxidative damage39 in frozen samples from specific 

studies.  Second, the results were further filtered based on paired-read strand orientation bias39.  

Specifically, F1R2, where Illumina read 1 and read 2 respectively align to the forward strand 

(F1) and the reverse strand (R2) of the reference genome, and F2R1, the opposite of F1R2, were 

determined for each mutation.  Then, Fisher exact tests were applied with F1R2 and F2R1 

reference and mutant reads to identify and exclude mutations with significant orientation bias (P 

≤ 0.05).  Furthermore, cutoffs of ≥4 in total and ≥5% being mutant reads for both F1R2 and 

F2R1 reads were applied for: 1) G>T and C>A mutations in Broad frozen tumors; and 2) for 
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C>T and G>A mutations in FFPE tumors of all studies, to further reduce paired-read strand 

orientation bias. 

Somatic indels in CDS regions were discovered with Strelka66 as described32.  As 

expected, small indels account for only 5% of the mutations.  Mutation annotation was 

performed with Annovar (version 2017Jul16) 67, using the canine annotation file described 

previously.   

 

Tumor mutational burden (TMB) 

TMB values were calculated by 𝑇𝑇𝑇𝑇𝑇𝑇 =

𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑎𝑎𝑎𝑎𝑎𝑎 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶

 for each case.  Callable bases were identified 

with MuTect with the minimum base quality score set to 30.   

 

Validation with other somatic mutation calling tools 

To validate somatic mutation findings, other tools GATK4 MuTect2 (version 4.1.6)64, 

Varscan2 (version 2.4.2)68 and LoFreq (version 2.1.2)69 were used as described30.  Briefly, 

MuTect2 was run in the panel-of-normals (PON) mode, using paired normal samples that passed 

QC (n=591) to create the PON file.  Canine germline mutation filtering and other parameters 

were used as described30.  SomaticSeq (version 3.4.1)70 was used to find consensus mutation 

callings among MuTect2, Varscan2 and LoFreq. 

 

Canine retrogene and other problematic gene identification 

Problematic genes in the canFam3 1.99 GTF annotation file were identified after 

excluding mitochondrial genes.  Problematic genes are defined as genes that: 1) have only an 
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Ensembl ID and lack a gene symbol, name or other biologically meaningful description; and 2) 

consist of a single exon.  A problematic gene is classified as a retrogene if its single exon arises 

from fusion of partial or complete exons of a protein-coding gene.   

 

Somatic copy number alteration (CNA) identification (Dr. Tianfang Wang performed the 

copy number alteration)  

VarScan (version 2.4.2)71 was first applied on WES data of matched tumor and normal 

sample pairs.  Then, CBS72 (DNAcopy R package) was used to segment CDS regions, with 0.01 

the significance level set to 0.01 for change point identification, and 10,000 permutations 

performed for p-value calculation.  Segments with �log2(𝑇𝑇
𝑁𝑁

)� > 1 (T: tumor; N: normal) were 

considered CNAs and their overlapping genes were identified.  Further selection was made by 

finding genes with CNAs also detected by another software, SEG73.  SEG was run as previously 

described41,74,75. 

 

Significant alteration identification and cross-species comparison 

Both MAF and sample recurrence were used to identify significant mutations and mutant 

genes (Figure 3).  Fisher exact tests were performed to first identify individual mutations that 

have significantly higher MAF compared to the remaining mutations within a tumor.  Among the 

identified mutations, two analyses were then performed.  First, Fisher exact tests were used to 

find individual mutations that are significantly recurrent among the samples within a tumor type 

or breed.  Such mutations could potentially be gain-of-function and genes harboring them may 

be oncogenes, e.g., PIK3CA H1047R.  Second, to discover potential tumor suppressors, which 
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harbor loss-of-function mutations that could occur at different loci among tumors (e.g., TP53), 

genes that harbor significant mutations in any tumor were identified.  Then, using these genes as 

the background, Fisher exact tests were performed to identify mutant genes that are significantly 

recurrent across the samples within a tumor type or breed. 

Amplified/deleted genes within a tumor were identified via Z-tests at q≤ 0.01, as 

described previously.  Fisher exact tests were then used to identify those amplified/deleted genes 

that are significantly recurrent among samples within a tumor type or breed.   

Multiple testing correction with the Benjamini and Hochberg strategy76 was applied on 

each Fisher exact test described above. 

 

Enrichment of gene and pathway alterations in a tumor type or breed 

Enrichment scores were determined by −𝑙𝑙𝑙𝑙𝑙𝑙10(𝑞𝑞) and with positive values indicating 

enrichment and negative values indicating depletion.  Each q value was obtained from a Fisher 

exact test that compares the ratio of altered versus wild-type tumors of a tumor type or a breed to 

that of the remaining tumor types or breeds and after applying multiple test correction.  

 

Association between gene mutation and TMB 

For canine tumor type specific association, genes that are mutated in ≥ 5 tumors in a 

specific tumor type (each of the 7 canine tumor types, TMB-L and TMB-H) were selected for 

Wilcoxon tests, using TMB without normalization.  For breed-specific association, genes that are 

mutated in ≥ 5 tumors within a specific breed were chosen, and Wilcoxon tests were conducted 

with normalized TMB values, given by 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑇𝑇𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑇𝑇𝑇𝑇𝑇𝑇 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 

.  S1-high 
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tumors (defined as tumors with ≥15 S1 mutations) and unclassified tumors were excluded from 

all analyses.  Separate association analysis was conducted in Golden Retriever S1-high tumors 

only.  Human association studies were performed for genes that are mutated in ≥ 20 tumors 

overall and ≥ 5 tumors in a specific cancer type.  TMB normalization was performed for cross 

cancer type association determination. 
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FIGURES 
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Figure 2.1.  We performed a rigorous quality control (QC) of whole-exome sequencing 

(WES) data published for 654 canine cases.  

a. Distributions of total read pairs per sample of the tumor and normal sample sets of each 

study.  Each dot represents a sample, and the median is indicated by a black line.  The dashed 

line specifies the QC cutoff.  Each study is represented by the tumor type and the institute name.  

MT: mammary tumor; GLM: glioma; BCL: B-cell lymphoma; TCL: T-cell lymphoma; OM: oral 

melanoma; OSA: osteosarcoma; HSA: hemangiosarcoma; UCL: unclassified.  CUK: Catholic 

University of Korea; SNU: Seoul National University; JL: Jackson Laboratory; SI: Sanger 

Institute; BI: Broad Institute; UPenn:  University of Pennsylvania.  

b-f. Distributions of per sample rate of read pairs that aligned concordantly and uniquely to 

the canFam3 reference genome (b), fraction of reads with mapping quality of ≥30 (c), CDS-

targeting rate (the fraction of read pairs that align concordantly and uniquely to the canFam3 

CDS regions) (d), mean read coverage in CDS regions (e) and root-mean-square error (RMSE) 

between the actual distribution and theoretical distribution (based on the Poisson distribution) of 

sequence coverage in CDS regions (f).  Each plot is presented as described in a. 

g. Distributions of the total number of callable bases per case, determined by MuTect.  

h. Tumor-normal pairing accuracy.  “Self” (in green) is the fraction of germline variants 

shared between the normal and tumor samples of a dog.  “Best nonself” is the fraction of 

germline variants shared between a normal or tumor sample of one dog and its best matched 

sample from another dog.  “Self – Best nonself” (in purple) indicates the difference, and a 

negative difference points to incorrect tumor-normal pairing. 
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Figure 2.2.  We conducted breed validation and prediction using breed-specific germline 

base substitutions and small indels discovered.  The heatmap shows the clustering of 505 

animals (398 dogs with breeds provided and 107 dogs with no breeds provided), using variant 

allele frequency (VAF) values of the 5,363 breed-specific germline base substitution and small 

indel variants in their normal samples.  These variants were discovered with the WES dataset 

(see Methods).  The WGS dataset was used for validation as specified in the “Data Type” bar, 

where “WGS(WES)” indicates that a dog has both WGS and WES data but only WGS data were 

used in the clustering analysis.  The “Provided breeds” bar and the “Disease” bar respectively 

indicate the breed and tumor type of each dog provided by the source studies.  The “Validated 

breeds” bar denotes the analysis outcome as specified, with “Unknown” representing dogs whose 
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provided breeds could not be validated or corrected, due to the lack of any specific VAF 

clustering patterns of the 10 pure breeds investigated. (The breed prediction and validation 

algorithm is developed by Dr. Burair A. Alsaihati, and I performed the task )  
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Figure 2.3.  Canine tumor alteration landscape, consisting of genes recurrently mutated 

and/or amplified/deleted, varies with tumor types but not with breeds in general. 

Oncoprints indicate top 6 most recurrently altered genes with nonsynonymous somatic base 

substitutions or small indels (top), or copy number alterations (CNAs) (bottom), in CDS regions 

in each tumor type indicated.  Significant recurrence, identified by Fisher exact tests, are denoted 

by “*” as shown.  The breed of each animal is specified in the breed bar.    

a. Enrichment scores of the most recurrently altered genes and pathways, obtained via 

Fisher exact test q-values (see Method), in each tumor type of all breeds (left) and of Golden 

Retriever (middle), as well as in each breed with ≥10 dogs within a tumor type (right). (The 
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copy number alternation (CNA) were identified by Dr. Tianfang Wang, and I incorporated 

her data into this analysis). 
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Figure 2.4.  We investigated TMB and common alterations in each of the 597 tumors of 

over 7 tumor types and over 35 breeds. The tumors in the oncoprint were ordered from left to 

right by lowest to highest TMB.  Seven tumor types as indicated in Figure 2.3 and unknown 

tumor types (UCL; see Figure 2.1) are included.  Breeds shown include those validated, 

corrected, predicted, or unknown (with issue or not predicted) as shown in Figure 2.2, as well as 

other breeds, which are not validated due to small sample size, and mixed breeds.  Top recurrent 

gene and pathway alterations are shown. (I provided the mutation data, and Dr. Joshua 

Watson created the heatmap) 
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Figure 2.5.  TMB varies among tumor types and is correlated with TP53 mutation . 

a. TMB distributions of each canine tumor type, ordered left to right from lowest to highest 

median values.  The left plot shows that problematic genes (see Methods) have significantly 
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higher TMB than other genes, and thus were excluded from further analyses.  The right plot 

indicates that canine tumors are classified into TMB-low (TMB-L) and -high (TMB-H).  

Wilcoxon tests were conducted to examine the TMB difference between two groups indicated, 

with *, **, *** and **** representing p<0.05, <0.01, <0.001 and <0.0001 respectively.  For 

significant comparisons, the fold change in median TMB is also indicated. 

b & c. TMB distributions of cases with wild type (blue) or mutant (red) TP53 or PIK3CA within 

each canine (b) or human (c) tumor type.  For tumor types with both wild type and mutant 

groups having ≥5 tumors, Wilcoxon tests were conducted to determine the significance of the 

association between TMB and TP53 or PI3KCA, with p-values and fold changes shown as 

described in a.  LGG: low grade glioma; GBM: glioblastoma; HGG: high grade glioma. (Dr. 

Joshua Watson collected and analyzed the human mutation data). 
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Figure 2.6.  TMB is largely independent of breeds (I provided the mutation data, and Dr. 

Joshua Watson created the scatter plot) .   



 

42 

a. TMB distributions of cases grouped by tumor type and then breed.  Only groups with ≥10 

tumors are shown, plotted as described in Figure 2.6a. 

b. TMB distributions of tumors grouped by breed, tumor type, and finally TP53 (top) or 

PIK3CA (bottom) mutation status.  Only groups with TP53 (or PIK3CA) wild type and mutant 

combined tumors of ≥10 are shown. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

43 

 

 

CHAPTER 3 

AN EFFICIENT PIPELINE TO IDENTIFY CANINE CANCER-SOMATIC MUTATIONS 

USING TUMOR-ONLY RNA-SEQ DATA1 
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1Ho, Kun-Lin., Zhao, Shaying. To be submitted to Scientific Reports  
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ABSTRACT 

The dog is an important spontaneous cancer model.  Expressed mutation identification is 

needed for studies such as tumor-specific neoantigen discovery.  It can be achieved using RNA-

seq data, which however is a challenge, especially for the dog.  To address this, we developed a 

pipeline that uses variant allele frequency distribution pattens and massive human somatic 

mutations known for germline - somatic mutation discrimination.  We applied our pipeline to 

RNA-seq data of ~400 canine tumor samples sequenced by various groups.  The pipeline known 

cancer genes and mutations, as well as mutation landscape, and mutation burden that largely 

agree with those found by paired-tumor and normal whole exome sequencing.  The results 

indicate our pipeline is effective.  
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INTRODUCTION 

 Somatic mutations present in the cancer genome can arise from various mechanisms, 

including DNA replication errors, exposure to exogenous or endogenous mutagens, enzymatic 

modifications of DNA, or deficiencies in DNA repair processes, ultimately leading to alterations 

in gene function6,21. The identification of these mutations within tumor samples holds immense 

clinical significance. Specifically, when these mutations accumulate in "cancer-driver" genes, 

they have the potential to trigger the development of cancer, promote cancer progression, or 

confer resistance to therapeutic interventions8. Therefore, the detection of these mutations is 

imperative for the development of effective targeted cancer therapies.  

More recently, somatic mutations within a tumor type have been served to estimate the 

tumor mutational burden (TMB), and TMB can be served as a promising proxy for neoantigen 

load77. TMB is defined as the count of non-synonymous mutations detected in tumor DNA and 

has been established as an independent marker for assessing patient responses to immune 

checkpoint inhibitor therapy (ICI), as well as for predicting patient survival, encompassing both 

treated and treatment-naive individuals78. 

Traditionally, the detection of somatic mutations involves the utilization of whole exome 

or genome sequencing of paired tumor-normal DNA samples79,80. Matched-normal DNA 

samples are indispensable for distinguishing between somatic mutations exclusive to the tumor 

sample and germline variants shared across all cells within an individual. Recent advancements 

in the human cancer research of somatic mutation identification have led to the development of 

'tumor-only' pipelines in WES and RNA-seq to detect somatic mutations80,81.  The identification 

of expressed mutations is critical for advancing cancer immunotherapy82,83. Detecting mutations 
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in RNA-seq data can facilitate the identification of expressed mutations, a crucial aspect in 

identifying neoantigens.  

Conversely, while dogs serve as a valuable animal model in cancer research for humans, 

their resources are comparatively limited. Identifying somatic mutations in RNA-seq data can be 

challenging, especially in the absence of matched normal samples, and this challenge is 

amplified in the context of canine studies. Furthermore, the identification of a matched normal 

RNA sample is hindered by the distinct expression patterns and profiles between normal and 

tumor samples. A recent study has devised a method to identify somatic mutations in whole 

exome sequencing without the need for matched normal DNA samples in the canine, but this 

study primarily focused on a limited set of genes and did not systematically identify somatic 

mutations in other genes84. 

In this study, we present a novel pipeline designed for the detection of cancer-associated 

somatic mutations in canine using "tumor-only" RNA-seq samples, named "TOSMIC," which 

stands for Tumor-Only Somatic Mutation Identification in Canine. Our approach involves the 

utilization of variant allele frequency (VAF), human somatic mutation databases, and machine 

learning techniques to facilitate the identification of cancer-associated somatic mutations. This 

method is particularly valuable for laboratories generating their own RNA-seq data from tumor 

samples, enabling them to assess whether the genes of interest harbor disease-driving onco-

mutations. 
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RESULTS 

RNA-seq QC: 

The RNA-seq dataset consists of 376 tumor samples of 376 animals from 9 BioProjects 

(Table S1).  These include 158 mammary tumors (MTs)28,85, 71 oral melanomas 

(OMs), 52 osteosarcomas (OSAs)34, 39 gliomas (GLMs) ,  23 hemangiosarcomas (HSAs)36,86, 

and 11 bladder tumors (BLAs), 11 urothelial bladder tumors(UBs) and 11 prostate tumors 

(PROs) 87,88 (Table S1).  We also collected the patient (e.g., age, sex and breed), histological 

subtype and clinical (e.g., tumor invasiveness and patient alive/death status) data if published for 

each Bioporject at the SRA database or in the literature. The RNA-seq data were generated by 

different groups. We hence performed a rigorous QC to ensure that data chosen from each study 

meet a set of quality standards before any integrative analysis. For the sequencing amount, all 

datasets have a median between 20 million (M) and 80 M read pairs per sample (Fig. 3.1a ; Table 

S1).  All samples have >5 M read pairs and no samples were excluded.  We then examined the 

mapping of read pairs to the canine reference genome34.  All studies have >60% read pairs in 

nearly every sample uniquely and concordantly mapped to the genome, with the median close to 

or larger than 80% (Fig. 3.1b).  We excluded 2 samples with mapping rates <60% (Table S1).  

Furthermore, all but two samples have >60% reads with a mapping quality score of >30 (Fig 

3.1c), and we excluded the two samples with low mapping quality (Table S1).  For the target 

rate, all but 5 samples have, on average, >50% read pairs that are uniquely and concordantly 

mapped to the CDS regions (Fig. 3.1d).  We also examined the overall distribution of the 

expression levels of all ~200,000 protein-coding genes in each sample, and find one significant 

any clear outliners (Fig. 3.1e).   
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Somatic mutation discovery pipeline 

We compared the RNA-seq reads to the canine reference genome, and detected sequence 

changes of 14,939,660 total (211,453 unique) in 367 samples that pass the QC measures.  These 

changes however consist of somatic mutations, germline mutations, and artifacts from 

sequencing and other experimental errors.  To narrow down somatic mutations, we developed a 

pipeline that maximally utilizes existing resources for both dogs and humans (Fig. 3.2). 

We first used already known canine germline mutations, ~9 M in total, to filter out 

germline mutations.  This reduces the sequence changes to 269,771 total (88,824 unique), 98% 

reduction (58% unique) (Fig. 3.2).  We then used the same strategy as described32,89 that 

combines read coverage, variant allele frequency (VAF), This further reduce the sequence 

changes to 98,444 total (29,070 unique), 64 % reduction (67 % unique) (Fig. 3.2).  We next use 

known human somatic mutations (~4.3 M) to divide the sequence changes to two groups.  One 

group consists of 7,433 total (1,883 unique) changes that match human somatic mutations (Fig. 

3.2), referred to as “Human” hereafter.  The remaining changes, 91,011 total (27,187 unique), 

consists of the other group (Fig. 3.2), referred to as “Remained”.  We then used the VAFs of the 

sequence changes to distinguish between somatic and germline mutations.  The rationale is that 

VAFs of homozygous and heterozygous germline mutations in most samples should cluster near 

1.0 and 0.5 respectively, whereas VAFs of somatic mutations should randomly distribute.  To 

more accurately apply this concept, we divided the sequence changes in the Remain group into 

those detected in ≥ 10 samples, 5-9 samples, or <5 samples (Fig. 3.2).  For the first two 

subgroups, we classified changes with VAF in 0.4-0.6 ≥ 50% or 40% samples respectively as 

germline mutations (Fig. 3.2), based on the VAF distribution of known canine germline 
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mutations (Fig. S3.1a-b).  For the third subgroup (<5 samples), we classified mutations with 

VAFs in 0.4-0.6 as germline (Fig. 3.2).  After filtering these germline mutations, we combined 

all three subgroups and identified those mutations with 𝑉𝑉𝑉𝑉𝑉𝑉 ≥ 0.9 in ≥ 20% samples as 

germline mutations (Fig. 3.2), again based on the known germline mutation distribution (Fig. 

S3.2c).  These analyses reduce sequence change by 67 % (57 % unique), 51 % (52 % unique), 

and 40 % (36 % unique) for the three subgroups respectively (Fig. 3.2). The Human group 

contains fewer sequence changes, and we only filtered those with 𝑉𝑉𝑉𝑉𝑉𝑉 ≥ 0.9 in ≥ 20% samples.  

This reduces 7,433 total (1,883 unique) sequence changes to 7,048 total (1,815 unique), only 5% 

reduction  (Fig. 3.2). We lastly used mutation recurrency to filter germline mutations, assuming 

that germline mutations are more recurrent than somatic mutations. Based on the most recurrent 

somatic mutations (e.g., PIK3CA H1047R in canine mammary tumor) from our previous work89, 

we classified sequence changes that were detected in ≥ 30% samples within a specific tumor 

type (Fig. S2d) or ≥ 15% samples across all tumor types (Fig. S2e) as germline mutation. 

Furthermore, we use 5363 breed-specific variants identified as describe 32,89 to filter germline 

mutations, This analysis reduces sequence changes to 53,072 total (36,667 unique) (Fig. 3.2 and 

Table S2).  Finally, we apply a machine learning model to do final filtering, leading to 8402 total 

(3704 unique) as somatic mutation candidates.  

 

Compare mutation identified in RNA-seq with mutations identified in WES-normal tumor 

pair. 

WES data has been made available for both tumor and normal samples within the 

mammary cohort28. We leveraged this dataset to assess the performance of our pipeline before 
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integrating the machine learning model. Our analysis involved a comparison of somatic 

mutations identified through WES analysis90 and those detected by our RNA-seq pipeline in each 

dog, as presented in Figure 3.2. We found that a variable proportion of mutations, ranging from 

0.8% to 74% with a median of 11%, were exclusively identified in the WES analysis (Figure 

3.3a). Conversely, only a small fraction of mutations, ranging from 0% to 20% with a median of 

2%, were identified by both approaches, while our RNA-seq pipeline unveiled a significantly 

higher number of mutations (Figure 3.3c). Considering that gene expression levels influence 

mutation detection, we investigated the gene expression profiles of these mutations. 

Interestingly, we observed that mutations exclusively identified in the WES analysis exhibited 

lower expression levels, while those shared between the two methods displayed higher 

expression levels. To obtain a deeper understanding of the mutations exclusively identified in our 

RNA-seq pipeline, we individually examined each of them and validated their presence using 

WES data from matched normal-tumor pairs (See Methods). Our findings are summarized in 

Figures 3.3d and 3.3e. Analyzing the variant allele frequency (VAF) distribution within each 

category revealed that germline mutations exhibited a higher VAF (median ~0.45), whereas 

Wild-Type (WT) and RNA-editing mutations displayed a lower VAF (median ~0.25). In 

summary, except for a small portion of mutations classified as somatic (0.7%), the majority of 

mutations exclusively identified in our RNA-seq pipeline non-somatic mutations, with 26% 

being germline, 34% WT, and 39% RNA-editing mutations. This outcome demonstrated the 

reliability of mutations identified through WES of normal-tumor pairs but highlighting the 

constraints and challenges associated with mutation identification in RNA-seq data, which may 

be influenced by potential experimental artifacts or the absence of matched normal samples.  
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Machine learning filtering 

Our manual comparison of WES and RNA-seq mutations provided valuable insights into 

mutation identification in RNA-seq. However, manual filtering of these mutations is not practical 

without matching tumor-normal WES samples. To address this challenge, we harnessed the 

power of a machine learning model to enhance the filtration of potential artifacts resulting from 

differences in sequencing techniques.  

To effectively train the machine learning model, we leveraged various classes of 

mutations from different sources, including mutations validated through WES analysis (refer to 

Fig 3.3) and the human somatic mutation database (see also the "Methods" section). Our aim was 

to evaluate the model's effectiveness. Therefore, we selected mutations that passed the variant 

allele frequency (VAF) filtering from the "remain" category (refer to Fig 3.2) as our validation 

dataset. 

The effectiveness of our VAF filtering step may be influenced by the frequency of 

mutations occurring in different samples. Additionally, the effectiveness of our VAF filtering 

step is expected to improve as mutations occur in more samples due to the utilization of a more 

precise VAF distribution cut-off.  The machine learning model captured this trend, with 37% of 

the mutations predicted as somatic mutations when mutations were found in ≥10 samples. This 

percentage decreased to 23% for mutations found in 5-9 samples and further decreased for 

mutations found in <5 samples. Additionally, non-somatic mutations, such as wild type (WT) 

and RNA-editing mutations, exhibited a decreasing frequency (Fig 3.4b). The VAF distributions 

of these mutations were consistent with the patterns observed in the training data, with higher 
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VAF in germline mutations and low VAF in mutations classified as WT and RNA-editing (Fig 

3.4c). 

To further evaluate the effectiveness of our mutation identification pipeline with the 

machine learning model, we utilized variants from normal samples in our mammary tumor 

dataset. These variants from normal samples were presumed to have a lower likelihood of being 

cancer-associated somatic mutations and, consequently, were expected to be less frequently 

included in the final selection of somatic mutation candidates.  As demonstrated in Figure 3.4d, 

the overlap ratio between variants from RNA-seq normal samples and variants in the total tumor 

samples decreased from 3% to 0.5% throughout the whole pipeline filtering steps. This reduction 

suggests that our RNA-seq mutation identification method effectively eliminates non-somatic 

mutations. 

Variant allele frequency (VAF) distribution   

We investigated the Variant Allele Frequency (VAF) distribution in three contexts: our 

pipeline without additional filtering (Pipeline only) (Fig. 3.5a), our pipeline with manually 

curated data filtering (Pipeline + MT RNA-seq + WES) (Fig. 3.5b), and our pipeline with the 

integration of a machine learning model (Pipeline + MT RNA-seq + WES+ ML) (Fig. 3.5c), 

focusing on mutations classified as ‘remained’ category. Mutations identified in our pipeline 

without additional filtering displayed high VAF (Fig. 3.5a), and the incorporation of manual 

curation data can further refinement by reducing mutations with high VAF (Fig. 3.5b). 

Additionally, our pipeline, complemented by the machine learning model, effectively eliminated 

high VAF mutations present in ≥10, 5-9, or <5 samples (Fig. 3.5c), notably reducing the 

occurrence of homozygous germline mutations. 
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When comparing these findings with somatic mutations identified in paired tumor-normal 

WES studies (Fig. 3.5d), somatic mutations in RNA-seq data typically demonstrate higher VAF 

values, which could be attributed to their increased expression levels in tumor samples. 

However, it's important to highlight that somatic mutations consistently exhibit VAF values 

below 0.4.   

 

Identification of frequently mutated genes using our pipeline 

We identified genes harboring somatic non-nonsynonymous base substitutions in each 

tumor using different cancer-associated somatic mutation identification methods, namely, a 

pipeline without manual curation of data and machine learning filtering (left panel), a pipeline 

with manually curated data but without machine learning filtering (middle panel), and a pipeline 

with manually curated data and machine learning filtering (right panel) (Fig. 3.6).  

To assess the effectiveness of manually curated data and machine learning methods in 

identifying cancer-associated somatic mutations in canine cancers, we subsequently examined 

the alteration landscape across these three methods. Each method revealed unique alteration 

features specific to different canine tumor types. 

For instance, in mammary tumors, we observed a frequent PIK3CA alteration, with 35% of 

the tumors showing mutations in this gene according to all three methods (Fig. 3.6, top panel). 

This finding aligns with previously published results for canine mammary tumors16. TP53 

emerged as the most frequently mutated gene in osteosarcoma, and hemangiosarcoma across all 
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three methods. This consistency with previously reported findings16 suggests the robustness of 

our methods in capturing this feature. 

In gliomas, PIK3CA and PDGFRA were identified as among the top three frequently 

mutated genes by our machine learning-based pipeline, consistent with published canine 

mutation results16,31. Additionally, in hemangiosarcoma, PIK3CA was identified as a frequently 

mutated gene by all three methods, aligning with published results16,37,79. 

While our three methods effectively capture the essential mutation landscape in line with 

published results, our machine learning-based pipeline excels at eliminating non-somatic 

mutations. For instance, IGFBP7 and OTUB1 ranked among the top ten frequently mutated 

genes in four and three out of five tumor types, and even when manually curated RNA-WES 

comparison mutation data was included, SOD3 and MRPS2 were among the top ten frequently 

mutated genes in four and two out of five tumor types, respectively. Such recurrent mutations 

across different tumor types are less likely to be cancer-associated somatic mutations and can be 

effectively filtered out by our machine learning-based pipeline, highlighting its effectiveness 

Identify tumor mutation burden with different tumor types using our pipeline 

To further evaluate our pipeline, we examined the Tumor Mutation Burden (TMB), 

defined as the count of somatic base substitutions and small indels per mega base callable coding 

sequences, within a cohort of 367 canine tumors from RNA-seq data after sequence quality 

control (Fig. 3.1a). To enhance precision, we initially excluded mutations occurring in 1,564 

retrogenes, previously identified as genes with significantly higher mutation rates compared to 

protein-coding genes90. Furthermore, for improved TMB accuracy assessment, we included only 
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mutations classified as “human” and “remained detected in at least 10 samples” within our 

analysis pipeline (Fig. 3.2). Among all tumor types, hemangiosarcoma (HSA) and Bladder tumor 

(BLAs) exhibited the highest TMB, aligning with prior studies in canine cancer and human 

cancer23,90, which have also suggested high TMB in these tumor types. This consistency was 

observed across all three analytical methods we employed. Osteosarcoma (OSA) was similarly 

identified as a high TMB tumor type in previous canine cancer studies90, and our pipeline, 

whether with or without machine learning filtering, effectively captured this characteristic. 

Conversely, mammary tumors (MT) were consistently recognized as low TMB tumor types in 

both human and canine cancer research23,90, and our pipeline with curated data or machine 

learning filtering, reflected this with MT exhibiting the lowest TMB. Notably, with the exception 

of oral Melanomas (OM) (see Discussion), our cancer associated somatic mutation identification 

pipeline, especially when machine learning filtering, demonstrating its ability to capture TMB 

characteristics consistent with existing knowledge. 

 

DISCUSSION 

Challenges arise when attempting to directly identify somatic mutations from RNA-seq 

data, primarily due to the requirement for mutations to be sufficiently expressed. While this 

prerequisite may reduce sensitivity in specific downstream analyses, it could enhance sensitivity 

in other aspects. Specifically, expressed mutations harbor the potential to serve as neoantigens, 

potentially triggering an immune response, a critical facet of cancer research83. 
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In this study, we introduce TOSMIC, a novel computational pipeline tailored for the 

identification of somatic mutations in canine RNA-seq data, reducing the need for matched-

normal samples. Our pipeline incorporates variant allele frequency (VAF) filtering, human 

somatic mutation databases, and machine learning techniques to discriminate somatic mutations 

from non-somatic variants. Significantly, our pipeline integrates vital elements, including 

manually curated data derived from mutation comparisons between RNA-seq and whole exome 

sequencing (WES), as well as human somatic mutation databases. 

Our pipeline underwent extensive testing through a range of methodologies, 

encompassing the assessment of somatic and non-somatic mutation overlap ratios, the 

identification of frequently mutated genes across diverse tumor types, and the quantification of 

tumor mutational burden (TMB). In direct comparison with published findings, our pipeline 

exhibited consistent trends in frequently mutated genes and TMB estimation when analyzed 

alongside tumor-normal paired DNA samples. These results underscore the pipeline's efficacy in 

accurately filtering non-somatic mutations from RNA-seq data. 

Of particular interest, we identified plenty mutations exclusive to the RNA-seq samples, 

which are classified as neither somatic nor germline mutations. Our endeavors to validate these 

RNA-seq-exclusive mutations via DNA whole exome sequencing unveiled the potential presence 

of experimental artifacts in the RNA-seq sample preparation process, which could elucidate the 

occurrence of these mutations in RNA-seq but not in DNA samples (i.e., wild type in the DNA 

samples). Additionally, while accounting for experimental artifacts, the presence of mutations 

classified as RNA-editing warrants attention, as they may play a role in DNA-RNA transcription 

processes or exert biological effects on tumor progression. 
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Canine tumor alteration landscape and TMB 

Our pipeline can capture the essential mutation landscape and TMB features as previous 

published results. Osteosarcoma, hemangiosarcoma, and oral melanoma are considered higher 

TMB tumor type. Osteosarcoma and oral melanoma originate from mesenchymal cells that lack 

cell polarity and adhesion. Loss of TP53 function, whether due to TP53 mutation or MDM2 

amplification, disrupts the cell cycle checkpoints and accelerates the cell cycle. This, in turn, 

leads to less effective repair of DNA damage and a reduced correction of DNA replication errors, 

ultimately causing a rapid accumulation of mutations in the genome and a higher TMB.  

However, our pipeline didn’t identify oral melanoma as high TMB tumor type. One possible 

explanation for this could be oral melanoma tend to have their copy number alternation such as 

MDM2 amplification then single point mutations as demonstrated in our previous published 

results. TP53 and NRAS are common mutations in oral melanoma, but we didn’t identify 

prominent TP53 and NRAS mutations in this dataset. Moreover, the pipeline can’t identify the 

copy number variants so we can’t confidently point out what happens in this oral melanoma 

samples. Further experimental and computational analyses are necessary to validate this 

phenomenon conclusively.  

 

Limitations of the Pipeline: 

Our pipeline effectively identifies cancer-associated single nucleotide variants and small 

indels of somatic mutations from RNA-seq data. However, it is essential to acknowledge that 

copy number alterations (CNAs) in DNA sequences represent another crucial aspect of cancer 
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genomics. CNAs involve variations in the number of copies of specific DNA segments within 

the genome, encompassing deletions (loss of genetic material) and amplifications (duplication of 

genetic material)91. These alterations are well-documented for their substantial impact on cancer 

initiation and progression, particularly in sarcoma, liposarcoma, and glioblastoma92. 

Unfortunately, our mutation identification pipeline does not account for CNAs, which means that 

it may overlook significant mutations associated with cancer development and progression. 

One of the strategies employed in our pipeline is the use of Variant Allele Frequency 

(VAF) to distinguish somatic mutations from germline mutations. VAFs of homozygous and 

heterozygous germline mutations in most samples are expected to cluster around 1.0 and 0.5, 

respectively, while VAFs of somatic mutations should exhibit a more random distribution. 

However, it's important to note that significant CNAs have the potential to shift the VAF 

distribution. As a result, our VAF filtering steps may not always provide the level of accuracy we 

anticipate, which is a limitation that warrants consideration. 

 

MATERIALS AND METHODS 

Data collection: 

Canine RNA-seq were downloaded from the Sequence Read Archive (SRA) database, 

including PRJNA489087 (mammary tumor), PRJNA749900 (oral melanoma), 

PRJNA525883(osteosarcoma), PRJNA579792 (glioma), PRJNA562916 (hemangiosarcoma), 

and others. Other information was obtained from relevant publications of these studies. Canine 

genome canFam3.1 and gene annotation canFam3 1.99 GTF were downloaded from the Ensembl 
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database. Known canine germline base substitutions and small indels (91,918,943 total) were 

combined from (1) Ensembl canine dbSNP, canFam3; (2) the DoGSD database53 and (3) a 

published study93.  

 

Canine RNA-seq data quality control (QC) and processing: 

RNA-seq read pairs were mapped to the canine reference genome canFam3 using 

HISAT2 (version 2.21)94 . Concordantly and uniquely mapped pairs were identified and were 

used to calculate the mapping rate of each sample. Such pairs with at least one read with ≥1 bp 

overlapping a coding sequence (CDS) region of the canFam3 1.99 GTF annotation were used to 

calculate the CDS-targeting rate. Quality control of canine RNA-seq data was performed as 

described87. First, MultiQC  (version 1.5) was used to examine GC content and duplicate level. 

Second, the distributions of per sample read-pair total amount, mapping quality, and CDS 

targeting rate were examined to identify and exclude samples that fail to meet the cutoffs. A total 

of 9 canine RNA-seq samples failed the QC and were excluded from further analysis (Figures 

2.1a-e). For each sample that passed QC measures, Subread (version 2.0.0)95 was used to identify 

read pairs that are uniquely and, for paired-end RNA-seq, concordantly mapped to the exonic 

regions of the canFam3 1.99 GTF annotation, the sum of which yields raw RNA-seq counts. 

Cufflinks (version 2.2.0)96 were used to calculated FPKM (fragments per kilobase of exon per 

million mapped) value of each gene in each sample, which was then converted to TPM 

(transcript per million). 
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Mutation calling from GATK: 

Base substitutions and small indels from tumor samples were first called by applying 

GATK97 3.8.1 HaplotypeCaller with parameters of dontUseSoftClippedBases -stand_call_conf 

20.0. Variants were then filtered with GATK VariantFiltration with parameters of FS > 30.0 and 

QD< 2.0.  

 

Tumor only RNA-seq somatic mutation pipeline: 

The tumor only RNA-seq somatic mutation identification pipeline, as illustrated in Figure 

2 and below: 

Step1 : 367 RNA-seq samples from 9 bioprojects in Sequence Read Archive (SRA) were 

mapped to Canfam3 with STAR98 2.6.1 using STAR 2-pass procedure with variants detection 

using HaplotypeCaller97 (GATK 3.8.1).  

Step2: Variants were filtered with known germline variants databases.  

Step3: Variants were subjected to a 4-step filtering process to filter sequencing errors as 

described except the steps (5)32 and divided the remaining variants into the following two 

categories: (1) variants found in human somatic mutation databases (COSMIC V9599 and C-

bioportal100 (2021/7/27), 4,290,320 somatic mutations total) after human dog mutation 

translation, and (2) variants not found in human (hereafter referred to as remained).  
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Step4: Variants in different categories are subject to different filtering steps based on variant 

allele frequency (VAF).  

Step5: Variants found in ≥ 40% samples of one tumor type or variants found in ≥ 30% samples 

of  ≥ 2 tumor types or found in ≥ 15% of total samples were filtered out. 

Step6: Variants found in breed-specific variants database were filtered out. 

Step7: Variants were filtered out with a machine learning model. 

 

Human dog mutation translation: 

The human and canine protein sequences were derived from the Ensembl annotations of 

the human (hg37, Release 103), and dog (CanFam3.1, Release 99) and protein sequences were 

aligned using Clustal-Omega101. The corresponding positions between the two species were 

identified by the protein alignments. Human somatic mutations were derived from cBioPortal 

(2021/7/27), and COMSMIC (V95). Variants of canine that can be found in the orthologous 

human somatic mutation database were classified as mutation matched the human somatic 

databases. 

Compare mutations in RNA-seq and WES / manually curated data: 

We compared mutations identified from RNA-seq and WES within the same sample and 

categorized each mutation as either HQ (High Quality) or LQ (Low Quality) for RNA-seq and 

WES to represent the quality of the mutation. For RNA-seq, if a mutation had alternative reads ≥ 
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3, total reads ≥ 20, and a Variant Allele Frequency (VAF) > 0.1, we labeled it as HQ RNA. In 

the case of WES, a mutation was labeled as HQ WES if it had alternative reads ≥ 3 and total 

reads ≥ 20 in both the normal and tumor samples. Mutations that did not meet these criteria were 

labeled as LQ variants. To classify mutations as somatic, germline, wild-type (WT), or RNA 

editing, we used mutations identified in WES to verify(refer to Figure 3.3e). Specifically, if the 

base in the normal sample matched the reference base (N==R), or if the base in the tumor sample 

matched the reference base (T==R), we considered it as WT (wild-type). A somatic mutation 

was defined as the base in the normal sample matching the reference base, but differing from the 

base in the tumor sample. A germline mutation was defined as a base differing from the 

reference base in both the normal and tumor samples, with the base in the normal sample 

matching the tumor sample. In the WT category, if the variants called in the RNA-seq were of 

high quality, we classified them as RNA editing.     

 

Model classification: 

The training sets were derived as followed and shown as Figure 3.5a. 

Somatic :  

1. Mutations shared in both RNA-seq and WES. 

2. Somatic mutations reported in human data after pipeline filtering (without machine 

learning filtering). 

3. Manually curated data (as illustrated in Figure 3e). 
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Germline: 

1. Mutations in the remained category found in ≥10 samples but filtered by VAF filtering 

step. 

2. Manually curated data (as illustrated in Figure 3e). 

WT/RNA-editing: 

1. Manually curated data (as illustrated in Figure 3e). 

These mutations were then divided to 5 pairs of training and validation sets with 80% and 20 % 

in each group, respectively. A random forest classifier with 50 tress was applied on each of the 

training sets, using the somatic, germline, WT/RNA-editing labels. The resulting model was then 

tested on the corresponding validation set, and the precision and recall were calculated per 

variant to evaluate the model’s performance.  

 

Tumor mutational burden (TMB) 

TMB values were calculated by 𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠+𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶

 for each 

sample.  Somatic base substitutions and small indels were selected from mutation identified as 

human category and remained category that found in ≥ 10 samples.  Callable bases were 

identified with GATK 3.8.1 with the minimum base quality score set to 10.  
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Figures 

 

Figure 3.1. We performed a rigorous quality control (QC) of RNA-seq data published for 

376 canine tumor samples 

a. Distributions of total read pairs per sample of the tumor of each study. Each dot represents a 

sample, and the median is indicated by a black line. The dashed line specifies the QC cutoff. 

Each study is represented by the tumor type and the bioproject. BLA: bladder tumor; MT: 
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mammary tumor; GLM: glioma; OM: oral melanoma; OSA: osteosarcoma; HSA: 

hemangiosarcoma; UB: urothelial bladder tumors. 

b-d.  Distributions of per sample rate of read pairs that aligned concordantly and uniquely to the 

canFam3 reference genome (b), fractions of reads with mapping quality of ≥30 (c), CDS targeting 

rate (the fraction of read pairs that align concordantly and uniquely to the canFam3 CDS regions) 

(d). 

e. Distribution of TPM values for 376 tumor samples; the red line highlights the sample with an 
outlier in the TPM distribution.  
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Figure 3.2. The somatic mutation identification pipeline in tumor-only RNA-seq pipeline 

uses known germline database, VAF distribution, sample recurrency filtering, breed 

specific variants, and machine learning model to filter out germline mutations.  For each 

step in the pipeline, total variants (TV) and unique variants (UV) are indicated. The blue box 

indicates the variants can be identified in the human somatic mutation databases, and the black is 

not identified in the human somatic mutation databases. The green number shows the combined 

variant numbers. 
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Figure 3.3. Comparison of Mutations Identified in RNA-seq and WES. This figure illustrates 

the comparison of mutations identified through RNA-seq with our pipeline without machine 



 

68 

learning model and whole-exome sequencing (WES). For each mutation in each sample, the 

genomic coordinate and the actual mutation were compared. Each mutation count is divided into 

different categories with different color.  

a. The mutation counts only found in normal-tumor pairs WES.  

b. The mutation counts shared between RNA-seq and WES. 

c. The mutation counts exclusively detected in RNA-seq after filtering (no machine learning 

model). 

d. The mutation counts found in RNA-seq only and classified through WES normal-tumor pairs 

samples. See also Fig. c. 

e. A summary of mutations found exclusively in RNA-seq (from Fig. d). 

f. Visualization of Variant Allele Frequency (VAF) distribution for each category identified in 

Fig. e.  
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Figure 3.4. Machine Learning Assisted Filtering of Non-Somatic Mutations: This figure 
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demonstrates the effectiveness of our pipeline, combined with a machine learning model, in 

filtering out non-somatic mutations and capture somatic mutations.  

a. An overview of the training process for our random forest classifier. The model is trained 

using a 5-fold cross-validation approach with a training set consisting of features for 

variants of each category (see Methods for details).  

b. Ratios of model-predicted results from variants not matched in the human somatic 

mutation database. Mutations are categorized based on the number of samples in which 

they were identified: "<5" for mutations found in less than 5 samples, "5-9" for those 

found in 5 to 9 samples, and "≥10" for those found in 10 or more samples.    

c. VAF distributions of model-predicted results from variants not matched in the human 

somatic mutation database. Somatic mutations typically exhibit lower VAF values, 

whereas RNA-editing events often have even lower VAF values, which may be attributed 

to potential sequence errors during the RNA-seq process.  

d. Overlapped ratios between germline variants from matched normal samples and total 

variants identified in the tumor sample at each step in the pipeline. See also Figure2. 
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Figure 3.5. Efficient Removal of Germline Mutations by the Pipeline and Machine 

Learning Classifier. This figure illustrates how our pipeline, combined with a machine learning 

classifier, effectively eliminates germline mutations. Each column represents a method to 

visualize the VAF distribution of the mutations.  

a, b, c:  The top panel in each of the three sub-figures represents variants not found in the human 

somatic mutation database but found in more than 10 samples. The middle panel represents 

variants found in 5-9 samples. The bottom panel represents variants found in fewer than 5 

samples. 

d.  The VAF distribution of the mutations identified in tumor-normal pairs WES sequences.  
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Figure 3.6. Capturing Recurrently Mutated Genes with Our Pipeline and Machine Learning. Our 

pipeline with a machine learning model can capture most frequent mutated gene with a pattern 



 

73 

similar to published results.  Oncoprints indicate the top ten most recurrently altered genes with 

nonsynonymous somatic base substitutions in CDS regions in each tumor type indicated. 

Somatic base substitutions and small indels were selected from mutation in human and remained 

that found in ≥ 10 samples.  Plots shown from left to the right:  

a. Mutations after our pipeline filtering (without machine learning). 

b. Mutations after our pipeline and manual data curation. 

c. Mutations after our pipeline combined with manually curated data and a machine 

learning model filtering. 
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Figure 7. Variation of TMB in Canine Tumor Types and Model Performance. Figure 7 

illustrates the variation in TMB across different canine tumor types. Red bar indicated the 

median TMB value.  The TMB distributions for each tumor type are ordered from lowest to 

highest median values, as follows: (a) TMB after applying our pipeline without machine learning 

and manual curated data filtering, (b) TMB after combining our pipeline with manual data 

curation, and (c) TMB after combining our pipeline with manual data curation and machine 

learning model filtering. Our machine learning model effectively captures patterns similar with 

published results. 
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CHAPTER 4 

CONCLUSION AND POTENTIAL IMPACT OF THE STUDY 

 

My dissertation research involves conducting comprehensive analyses of somatic 

mutations in canine cancers, utilizing whole exome/genome sequencing and RNA sequencing 

data. These methodologies collectively offer crucial insights into the mutational landscapes 

prevalent in major canine tumor types and breeds. Additionally, the research includes the 

development of computational tools designed to efficiently analyze sequencing data and identify 

cancer-associated mutations in canine. 

Within these studies, the exploration of mutation landscapes across canine cancers 

facilitates the improved design of clinical trials testing mutation-targeted therapies in pet dogs. 

This approach allows for the selection of drugs tailored to specific genomic profiles, as mutation 

patterns are found to be breed-independent, enabling the focus on tumor types rather than breeds. 

This expansion of eligible populations enhances the relevance and applicability of the findings. 

Moreover, the identification of common hotspot mutations in both pet dogs and humans 

provides dogs as valuable animal models for studying cancer development mechanisms. Clinical 

trials designed around these common mutations can benefit both human and canine cancer 

research. 

While whole-exome (WES) and whole-genome sequencing (WGS) are useful in 

identifying cancer-associated mutations, the consideration of gene expression levels becomes is 

essential for identifying potential biomarkers or neoantigens for cancer treatment or prevention. 
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However, WES and WGS do not capture gene expression, making the development of 

TOSMIC—an innovative tool designed to capture cancer-associated mutations with guaranteed 

expression—a valuable complement. TOSMIC enhances our ability to identify potential 

biomarkers or neoantigen for cancer diagnosis and treatment. 

In summary, by integrating DNA and RNA sequencing data across diverse canine 

cancers, these studies provide critical resources to accelerate use of pet dogs in cancer research. 

The computational and biological insights gained can ultimately inform therapeutic development 

to benefit both canine and human patients. 
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Table 

BioPro
ject 

Total
_sam
ple 

Read pairs 
not same 
length 

Total read 
pairs < 
5M 

Unique 
mapped 
rate <0.6  

Fraction of 
Mapping 
quality < 0.5 

CDS 
targeting 
rate < 0.3 

TPM_distri
bution_fail
_qc 

Pas
s_Q
C 

PRJD
B5762 11 0 0 0 0 0 0 11 
PRJD
B8934 20 0 0 0 0 0 0 20 
PRJN
A4890
87 158 0 1 1 0 1 1 154 
PRJN
A5069
07 11 0 0 0 0 0 0 11 
PRJN
A5258
83 52 0 0 0 0 0 0 52 
PRJN
A5594
06 11 0 0 0 0 0 0 11 
PRJN
A5629
16 23 0 0 1 0 0 0 22 
PRJN
A5797
92 39 0 0 0 0 4 0 35 
PRJN
A7499
00 51 0 0 0 0 0 0 51 
Table S1: RNA-seq data QC summary. 
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