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ABSTRACT 

The Utility of Immune Profiling on Cerebrospinal Fluid to Diagnose Central Nervous 
System Diseases in Dogs

Tamara Morrill  
University of Guelph, 2019

Co-Advisor(s): 
 Dr. Stefan Keller  
 Dr. Fiona James 
 Dr. Janet Beeler-Marfisi

Central nervous system (CNS) diseases in dogs can be challenging to diagnose due to non-

specific clinical findings. Cerebrospinal fluid (CSF) is routinely collected as part of the 

neurological work-up. Our long-term goal is to use immune profiling, i.e. lymphocyte antigen 

receptor repertoire sequencing, as a novel method to diagnose canine CNS diseases based on 

disease-specific ‘immune signatures’ in CSF. Our hypothesis is that etiologically distinct 

diseases are associated with specific immune repertoires. The objectives of this study were 1) to 

identify technical determinants for successful immune profiling and 2) to generate preliminary 

immune repertoire data from CSF of dogs with neurological disease. Our results suggest that 

LAR genes can be sequenced from both, cell-associated and cell-free DNA, that lymphocyte 

abundance is a predictor of sequencing success and that whole genome amplification is of no 

benefit. Finally, this study generated the first immune repertoire data for inflammatory CNS 

diseases in dogs. 
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1 Introduction (BACKGROUND AND OBJECTIVES)  

1.1 Background and Review 

The central nervous system (CNS), composed of the brain, spinal cord, and meninges, is 

responsible for controlling bodily and cognitive functions in most species. It integrates sensory 

information and coordinates activity as appropriate. The CNS consists of two main components: 

the spinal cord, which serves as a conduit for signals to and from the brain, and the brain, which 

is the integrating center for these signals1. Changes to the CNS can have major implications as to 

its function regarding behaviour, mood, sensory input, and cognitive and motor control2. It is 

extremely important that this system is healthy in order to prevent problems in the rest of the 

body.  

CNS diseases can result in serious impairment and even death. Diagnosis of CNS diseases 

is complicated by overlapping non-specific clinical signs between diseases3. For this reason, 

accurate diagnosis is very important to ensure administration of appropriate treatment and to 

improve a patient’s prognosis. General categories of CNS diseases include inflammatory, which 

can be infectious or non-infectious in origin, and non-inflammatory such as neoplastic, vascular, 

traumatic, genetic, metabolic, and/or degenerative diseases. Inflammatory diseases cause 

inflammation of the CNS and are grouped under the overarching term, 

meningoencephalomyelitis. These can be caused by infection, such as bacterial, viral, or fungal), 

or autoimmune diseases, all of which can cause cellular damage and CNS dysfunction4–7.  

Neoplastic diseases involve an abnormal growth of either CNS cells, i.e., a primary tumor, or can 

be metastatic tumors8. Vascular diseases include malformations of blood vessels and can cause 

various neurologic deficits, including strokes8. Traumatic CNS diseases involve head and spinal 

injuries such as fractures, intracranial hemorrhage, abscesses, and meningitis8. Genetic diseases 

include diseases primarily caused by an inherited genetic abnormality, or occasionally, non-

hereditary mutations. Metabolic CNS diseases are often inherited cellular waste product 

processing disorders characterized by an accumulation of waste products that lead to cellular 

dysfunction and interrupt neurologic function8. Lastly, there are degenerative diseases which are 

characterized by deterioration in CNS tissues such as demyelination of neurons8. 
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1.1.1 Inflammation 

Many of these CNS diseases cause inflammation of the spinal cord, meninges, and brain. 

Inflammation is an innate defense mechanism for protection against infectious agents such as 

bacteria or viruses9–11. The response is initiated by macrophages which recruit effector cells such 

as lymphocytes, neutrophils, and less commonly eosinophils or other cells9,12,13. The interaction 

of immune cells is mediated by signalling molecules; cytokines and chemokines9,12,13. The 

immune response’s purpose is to resolve the initial infection and to control the severity and 

progression of infection and disease, which includes the repair of damaged tissue13,14. The 

mechanisms of combating infection and disease include: recruiting immune cells to destroy 

invading pathogens; increasing the flow of microbes and antigen-presenting cells to lymphoid 

tissues to increase the activation of lymphocytes, thereby activating the adaptive immune system; 

and recruiting effector cells of the adaptive immune system to sites of infection and/or injury12.  

However, an excessive immune response is not beneficial, as it can cause or increase tissue 

damage and worsen the pathological process of a disease 9. The negative effects of an 

overabundance of unchecked inflammatory cells worsens the effects of many diseases including 

those of the CNS10,13,15.  

Neuroinflammation   

Inflammation of the CNS is known as neuroinflammation and is the body’s defense used 

to protect and restore the CNS from the effects of injury and infection9,14,16. Its general features 

are similar to inflammation anywhere else in the body; however, the CNS’ isolation and structure 

give rise to unique problems16. Inflammation can protect the CNS from infection and help the 

recovery of injured neurons, but if unchecked can be disastrous14,17. One classical physical 

feature of inflammation is swelling12,13. The bone encasing the brain makes this symptom 

dangerous, as brain swelling can lead to raised intracranial pressure, impaired function, and/or 

death as the swelling brain presses up against its inflexible enclosure10,17.  Neuroinflammation 

can also cause or aggravate neurodegeneration in the CNS, which exacerbates neurodegenerative 

disease symptoms11,14,17. Inflammation resulting from the response to an infectious agent or a 

self-antigen is known as primary inflammation15. Primary inflammation implies that there is 

either a persistent environmental stimulus, e.g. infectious agent, or an endogenous stimulus, e.g. 
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auto-antigen, that the body considers dangerous causing a failure in the normal inflammatory 

response15. However, inflammation can also be incidental, or secondary, to the primary cause of 

CNS disease, that is, caused by another disease or disorder in the patient. Some examples include 

brain injury, epilepsy and neurodegenerative diseases such as Alzheimer’s disease in humans10.  

Secondary inflammation is classified under non-inflammatory CNS diseases. For example, spinal 

cord compression and neoplastic diseases can cause inflammation as a reaction to the primary 

disease or injury18–20. Therefore, inflammation is an example of an overlap in disease response, 

and potentially clinical signs, and demonstrates the need for proper diagnosis and treatments 

appropriate to the CNS disease inducing inflammation in a specific case.  

1.1.2 Canine CNS diseases 

Primary inflammatory CNS diseases 

Primary inflammatory CNS diseases can be grouped into two categories: a consequence 

of an infectious agent, known as infectious inflammatory CNS disease, or a non-infectious cause 

such as an autoimmune process, termed non-infectious inflammatory CNS disease21,22. The 

diagnosis of these diseases can be challenging when neither clinical signs nor additional analyses 

differentiate with certainty between them23.  Both categories of inflammatory disease share 

common pathological features such as an influx of leukocytes in the brain, spinal cord, 

meninges, or a combination of all three24. The clinical diagnosis is usually tentative and relies on 

a small range of tests to rule out infectious diseases that may also return a false-negative result16. 

Our inability to determine their specific etiopathogenesis and the overlap in neurodiagnostic 

signs only compounds the problem of accurate diagnosis and therefore, choice of therapy, and is 

a problem with canine inflammatory CNS diseases3,4,21,25.  

Canine infectious inflammatory CNS diseases 

Infectious agents known to cause canine CNS inflammatory diseases include: viral, e.g. 

canine distemper virus, rabies virus; protozoal, e.g. Toxoplasma gondii, Neospora caninum; 

fungal, e.g. Cryptococcus neoformans, Coccidioides immitis; and bacterial, e.g. Rickettsia 

rickettsii, Ehrlichia canis5,7,24. In developed countries, infectious inflammatory diseases are now 

less common than non-infectious diseases5,16. Available vaccines for viral diseases such as 
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canine distemper and rabies, combined with cleaner environments ,e.g. their owner’s home, have 

diminished the number of infectious inflammatory disease cases24.  

Canine non-infectious inflammatory CNS diseases 

Inflammatory CNS diseases for which no etiologic agent can be identified are classified as 

non-infectious inflammatory CNS diseases. In veterinary research, PCR analysis of cerebrospinal 

fluid (CSF) and brain tissues has been unsuccessful in identifying infectious agents for non-

infectious inflammatory diseases4,26. Non-infectious canine inflammatory diseases are classified 

based on the region of the CNS they affect and their  histopathologic features16. Categories 

include steroid-responsive meningitis-arteritis (SRMA) and non-infectious meningoencephalitis. 

A definitive antemortem diagnosis is difficult to obtain as it is based on tissue biopsies of the 

CNS which have a high patient risk and high procedural cost27,28. 

 Steroid-Responsive Meningitis-Arteritis 

Steroid-response meningitis-arteritis is an autoimmune disease that causes primary 

inflammation in the meninges of young-adult dogs13. There appears to be genetic susceptibility 

in Bernese mountain dogs, Boxers, Beagles and Nova scotia duck trolling retrievers13,29,30. It is 

suspected that an infectious agent or environmental trigger initiates an uncontrolled 

inflammatory response, however the agents triggering the response either cannot be found or 

have been cleared from the dog’s system29,31–33. Clinicopathologic findings for SRMA are not 

specific, therefore exclusion of other diseases is necessary for a diagnosis and there is always the 

fear that an undetected infectious agent will be allowed to flourish after the administration of 

immunosuppressive doses of steroids13. Typically, CSF analysis shows an increase in the 

immune cells (neutrophils) and bacterial cultures are negative29.  

Meningoencephalitis of Unknown Etiology 

  Non-infectious canine meningoencephalitides encompass the diseases necrotizing 

meningoencephalitis (NME), necrotizing leukoencephalitis (NLE), granulomatous 

meningoencephalitis (GME) and eosinophilic meningitis. Similar to SRMA, the etiology of these 
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diseases is unknown, but their pathogeneses are considered likely to be multifactorial4,5,24,26,34,35. 

As the diseases are distinguished on histopathologic analysis of CNS tissues, and because brain 

biopsies are uncommonly performed, most definitive diagnoses are made postmortem (PM)5,36–

38.  The antemortem working diagnosis, not usually definitive, relies on clinical findings, such as 

patient history, signalment, location of lesions, neurologic examination results, CSF analysis, and 

magnetic resonance imaging (MRI)5,16,37.  These three diseases also share an overlap in 

neurodiagnostic signs escalating the challenge of diagnosis4,16,21,25. For these reasons an all-

encompassing term, meningoencephalitis of unknown etiology (MUE) was created; synonyms 

include "meningoencephalitis of unknown aetiology" and "meningoencephalitis of unknown 

origin"4,5,7,16,22,25,26,34,37,39. Although MUE has been diagnosed in large breed dogs, small toy and 

terrier breed dogs between 3-7 years of age appear predisposed16,34. Attempts to identify 

infectious agents associated with these diseases have been unsuccessful4,26,40,41. Suspected 

etiologies include genetic or autoimmune causes4,16,42.  Some research suggests that once the 

destructive immune response is triggered, the infectious agent that initiated the response is 

rapidly eliminated, leaving no trace of the cause of the disease26,37. The MUE subcategories 

NME, NLE and GME are hence reserved for patients in which histopathologic diagnosis has 

been achieved either by brain biopsy or PM examination and other diseases, such as infections 

and neoplasia, have been ruled out5. 

 Necrotizing meningoencephalitis and Necrotizing leukoencephalitis 

Necrotising encephalitides includes both NME and NLE, share the feature of 

inflammation of the subcortical white matter which leads to cerebral necrosis5,35,37. They are 

histopathologically distinct from GME due to their predominace of necrotic lesions16. NME 

commonly affects the cerebral hemispheres and subcortical white matter in the brain, while NLE 

predominantly affects the periventricular white matter and brainstem. However, NME and NLE 

overlap in breed association and lesion distributions which makes a definitive diagnosis 

difficult5,16,37. Historically the diseases were called pug dog encephalitis (NME) and necrotising 

encephalitis of Yorkshire terriers (NLE) until they were identified in other breeds5,35. That said, 

pugs have a demonstrated strong susceptibility and familial association to NME, linked to 

disease-associated loci of the canine major histocompatibility complex43,44.    
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 Granulomatous meningoencephalomyelitis 

Of the three MUE, GME is the most common canine inflammatory CNS disease16,35,37. It 

is characterized by lymphoplasmacytic and granulomatous inflammation35,40.  GME has three 

forms based on a combination of the location and distribution of the lesions and morphological 

and clinical neurologic abnormalities: focal, ocular, and disseminated5,16,21,35,37,38,40. While the 

lesions are non-specific and widely distributed within the CNS, they are most commonly found 

in the white matter of the cerebrum, cerebellum, caudal brainstem or the cervical spinal 

cord16,34,38. An overlap in clinical signs between the different forms of GME and diseases such as 

NME creates a challenge in providing an accurate diagnosis both antemortem and postmortem38.  

Secondary inflammatory CNS diseases, the non-inflammatory canine CNS diseases  

So-called non-inflammatory CNS diseases result from nonspecific inflammation secondary 

to a non-infectious underlying disease such as neoplasia or trauma18–20.  

 Neoplastic diseases  

Neoplastic CNS diseases involve an abnormal growth of cells native to the CNS or the 

spread of cancer arising in a tissue outside the CNS8.  Examples of primary neoplastic diseases in 

dogs are meningioma, glioma, CNS lymphoma, and histiocytic sarcoma8. A metastatic neoplastic 

disease refers to a spread of the growth from its original location to a new location in the body, 

usually through the circulatory or the lymphatic system12. An example of a metastatic neoplastic 

disease in the CNS is malignant melanoma8. Primary and metastatic neoplasms share clinical 

signs of neurologic dysfunction that result from the primary pathological effects of invading 

and/or destroying brain tissue and the secondary effects of hemorrhage and inflammation8.  

Definitive diagnosis for neoplastic diseases depends on histopathologic analysis of solid tissue 

biopsies, while a tentative diagnosis can be made through imaging and/or cytology8. 

Additionally, non-infectious inflammatory conditions can mimic intracranial neoplasia clinically, 

radiologically, and histologically27,45. One way around this issue is the use of “immune 

signatures”. These use a serum protein microarray to identify and measure the concentration of 

antibodies produced by the adaptive immune response as a way to identify so-called gene 
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signatures. This method has been seen to reliably differentiates between neoplasia and 

meningoencephalomyelitis but the test is not yet in widespread clinical use for veterinary 

medicine27.  

 Vascular diseases  

Vascular CNS diseases are caused by defects in or damage to blood vessels that result in 

ischemia or bleeding, either of which can result in a stroke8. Ischemic strokes are caused by 

restricted blood flow to an area of the brain due to a blood clot occluding a blood vessel and 

starving down-stream tissues of oxygen8. Hemorrhagic strokes are caused by ruptures in blood 

vessels thus interfering with brain tissue structure, increasing pressure in the affected area, and 

causing inflammation8,10,46. General clinical signs of neurologic dysfunction for vascular events 

usually correspond to the area affected8. CSF in cases of stroke is either normal or offers 

evidence of inflammation that does not differentiate between the two types of stroke or other 

causes of inflammation8.  

 CNS trauma  

Head traumas in dogs include both primary and secondary brain injuries and skull fractures 

while spinal traumas include spinal cord contusion, and vertebral fractures8. Common causes 

include motor vehicle accidents, falls, and interactions with other animals and humans. 

Inflammation secondary to a traumatic injury can be severe. This inflammation contributes to 

secondary injuries to CNS cells and again results in CSF changes that may demonstrate 

inflammation but do not point to a specific cause8. 

 Genetic/metabolic/degenerative diseases  

Genetic diseases and disorders can be hereditary or spontaneous. They are seen when a 

gene is altered and causes an abnormal or dysfunctional protein to be produced. In the CNS, 

these diseases often result in accumulation of a metabolic intermediate; this accumulation 

eventually causes neurologic dysfunction and inflammation, hence the other term for this type of 

disorder: ‘storage diseases’8. CNS degenerative diseases are characterized by an increase in 
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tissue deterioration, which can diminish neurologic functions and cause secondary 

inflammation8. Some examples relevant to dogs are intervertebral disc disease and cervical 

spondylomyelopathy8. A diagnostic challenge for some neurodegenerative diseases is the 

possibility of mistaking case images for neoplastic or other CNS diseases, as they can all result 

in similar changes to the brain and spinal cord8.  

1.1.3 Diagnosing canine CNS diseases 

The differential diagnoses for canine CNS diseases include genetic and metabolic 

abnormalities, infection, neoplasia, and toxin exposure21,35,37. To produce the list of specific 

differential diagnoses for an individual patient, a full neurologic work-up is required (Figure 1-1). 

This starts with a full patient history which includes a patient’s signalment, that is, age, sex and 

breed. The clinical assessment follows, involving physical and neurologic examination, and 

possibly hematology, urinalysis, and basic radiography; this is known as the minimum database. 

The clinician then generates their initial differential diagnoses list and selects the appropriate 

diagnostic tests for those disorders considered most likely. These diagnostic tests might include 

advanced imaging, serologic tests, and cytologic assessment of CSF to yield a tentative working 

clinical diagnosis3,5,16,37. Additionally, exclusion of other CNS diseases is required in making the 

working diagnosis16. For example, the lack of detected infectious agents excludes most infectious 

diseases, while multifocal lesions can exclude primary neoplastic diseases as they are usually 

unifocal16. For many CNS diseases, specifically those included in MUE, a definitive, confirmed 

diagnosis is often difficult to achieve antemortem as this requires histopathologic assessment of 

affected tissues3. This is commonly not practical given the invasive nature and high cost of CNS 

biopsies3,5,16,37. Therefore, the definitive diagnosis in many cases of CNS diseases relies on a 

postmortem histopathologic examination, which, as the animal is dead, is not useful in 

determining treatment for a live animal16,36,38.  

Neurologic examination 

Neurologic examination involves determining mental status and behaviour, attitude and 

posture, gait, postural reactions, pain perception, spinal reflexes, and examination of cranial 

nerves8. This allows for localization of the lesion, or lesions, within the nervous system.  
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Magnetic resonance imaging and cerebrospinal fluid analysis  

In the event that a cause for the neurologic deficit cannot be found during the acquisition 

of the minimum database, concurrent MRI and CSF analysis are performed18,37,47. MRI identifies 

gross structural abnormalities in the nervous system although it does not usually reveal the 

etiology of the abnormality18,24. To further characterize the neurologic disease, CSF analysis is 

performed18,48. In some instances, CSF analysis can identify specific infectious etiologic agents, 

for instance bacteria, protozoa, or fungal organisms16,18. There are many issues to consider when 

diagnosing canine CNS diseases using these two tests. One significant problem with using MRI 

and CSF analysis is the incomplete information produced, especially due to the possibility of 

cases not showing abnormalities in either test5,16,18,49,50. For example, a study on dogs with CNS 

diseases showed that approximately 25% of patients with inflammatory CNS diseases had an 

apparently normal brain MRI51. Similarly, CSF analysis can be normal in a variety of diseases 

including congenital, metabolic, toxic, nutritional, idiopathic, and inflammatory3,16,18,49,52,53. 

Another problem is that CSF variables such as cell count, types of cells present, and protein 

concentration are often not specific for a particular CNS disease18. For example, increased 

protein concentration can be associated with neoplastic, degenerative, neurovascular, and 

inflammatory diseases3,16,18. However, when the findings of these two tests are combined with 

signalment, clinical signs, medical history, and other test results, they can provide important 

diagnostic information for a working diagnosis18. Overall, the most significant obstacle is that 

normal results on MRI or CSF analyses do not rule out many CNS diseases with certainty5,52.  

Treatment and prognosis 

In general, the treatment for canine CNS diseases differ and can be associated with 

different prognoses27. For example, MUE has a moderate response to immunosuppressive 

therapies, but the prognosis can be poor37. In contrast, SRMA responds very well to 

immunosuppressive therapies, and has a very good prognosis37. However, the appropriate 

diagnosis is important as immunosuppressive therapies could be detrimental if given to a patient 

with an infectious disease. For example, bacterial infections of the CNS are usually treated with 

antibiotics rather than immunosuppressive therapies5. Given that different diseases may require 
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different therapeutic strategies and are associated with different prognoses, the current inability 

to reliably differentiate between many canine CNS diseases antemortem is an impediment to 

optimal patient care that can prove fatal22,53,54. Novel diagnostic approaches incorporating 

advanced technologies, for example immune cell receptor sequencing, are required to address 

this gap in diagnostic ability. With advances in sample preparation and sequencing technology, 

this could be an appropriate diagnostic tool to differentiate and diagnose canine CNS diseases.  

1.1.4 Cerebrospinal fluid  

CSF is routinely collected as part of a full neurologic work-up and a cytologic 

examination can yield valuable information regarding the type and magnitude of cellular 

infiltrates54. However, CSF analysis cannot reliably distinguish between different types of 

primary inflammatory processes such as immune-mediated versus infectious, or between primary 

and nonspecific inflammation secondary to other causes, including neoplasia and trauma18–20. 

Because of this, only a tentative diagnosis is achieved in most cases. CSF has multiple functions, 

which includes working as the lymphatic system for the brain by removing waste, and acting as a 

transport medium for hormones, neurotransmitters and immune cells through the CNS13,50,55.  

Current CSF diagnostic techniques 

CSF analysis is usually used to assess the health of the CNS and can provide evidence of 

the presence of disease50. The tests that can be performed on CSF are macroscopic, looking at 

colour or turbidity, and microscopic13. The hemocytometer cell count, protein concentration, and 

the differential cell count performed on the cytocentrifuge preparation, are all important analyses 

for a cytologic diagnosis of CNS disease13,54. A hemocytometer is a tool used to count the 

number of cells in a given volume to estimate the total number of cells in the whole sample13. 

Protein concentration in CSF can increase secondary to alterations in the permeability of the 

blood brain barrier, or because of local immunoglobulin production with inflammatory disease56. 

However, even with disease, it will still be too low to be measured by standard techniques. To 

measure the low protein concentration of CSF, several dye-binding and turbidometric techniques 

have been developed13,56. Using a fraction of CSF from which the cells are centrifuged onto a 

glass slide, a cytocentrifuge preparation is assessed by light microscopy to determine the 
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differential cell count and to determine if any infectious agents or neoplastic cells are present13. 

Immune cells that are more commonly found in normal and abnormal CSF are large and small 

mononuclear cells, which can sometimes be differentiated into lymphocytes, monocytes or 

macrophages, neutrophils, and more rarely eosinophils. An increase in a particular cell type such 

as lymphocytes, can result in a classification of abnormal CSF54. Hence, the cell count and 

differential count can help differentiate between normal and abnormal CSF and may sometimes 

discriminate between specific CNS diseases13,20,54. CSF analysis has a reasonable sensitivity but 

has a low specificity. For example, CSF abnormalities such as cell counts, and protein 

concentration overlap in many CNS diseases50. An increase in protein concentration in the CSF 

is considered a non-specific indication of CNS disease16. Hence, CSF cytologic analysis can be 

used to confirm the presence of a problem; however, specificity for an exact cause is low. 

An additional test, when increased numbers of neutrophils are identified, is to culture 

CSF to identify bacterial or fungal agents47,57,58. Testing for specific infectious agents, such as 

protozoa or Blastomyces sp., is also done by PCR, and antibody assays, which test for the 

presence of agent-specific antibodies47. Culture, PCR, and antibody assays have become the 

most common practice to rule out infectious CNS diseases in dogs5. More recently in human 

medicine and veterinary research, next-generation sequencing (NGS) has been used to identify 

infectious agents in CSF59,60. This is a synonymous term for high-throughput sequencing and can 

sequence millions of DNA strands in parallel. In human medicine, NGS has been used as a 

powerful diagnostic tool to identify infectious agents associated with disease through comparison 

to known microbial genomes59–64. Examples include the diagnosis of neurobrucellosis, 

neuroleptospirosis, or herpes virus as the cause of encephalitis59,60,64. In veterinary research, this 

method has been used to try and determine the etiologic agents for non-infectious inflammatory 

diseases such as MUE65. In one study, CSF was taken from 22 dogs with MUE for sequencing, 

but no infectious agents were identified65. However, the NGS CSF analysis only looked at the 

microbial genome and not the genome of the immune cells present in the CSF.  
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Examples of CSF abnormalities in canine CNS diseases 

When diagnosing canine CNS diseases, the observation of abnormal CSF offers one 

indication of a possible CNS disease. One criterion of abnormal CSF is a mild increase in 

immune cells such as neutrophils, eosinophils, lymphocytes, monocytes/macrophages and/ or the 

presence of unusual cells such as neoplastic cells, regardless of a normal cell count20,54. 

Pleocytosis, which is an increased cell count can be mild (<25 cells/µL), moderate (26–100 

cells/µL), or marked (>100 cells/µL)20. Non-infectious inflammatory diseases such as MUE 

usually have abnormal CSF, which is typically dominated by lymphocytes accompanied by 

monocytes, macrophages and neutrophils18,24,50. SRMA is commonly diagnosed by the presence 

of high numbers of neutrophils50. However, CSF analysis results can vary for non-inflammatory 

diseases such as neoplastic and traumatic diseases50. For example, in neoplastic cases, CSF can 

be composed predominantly of lymphocytes, but can also have a mix of neutrophils and 

lymphocytes18. In some cases, neoplastic cells or infectious agents, such as bacteria and viruses, 

can be identified in the CSF, which can then be used to provide a definitive diagnosis47,49,50,57,58.  

Limitations of CSF analysis  

CSF analysis is most commonly used to assist the diagnostic process by excluding CNS 

diseases form the differential diagnoses48,50. However, the main limitation with CSF analysis is 

that many CNS diseases can have normal CSF results or that abnormalities found in CSF can 

overlap between diseases, making the distinction between them difficult or impossible20,48. CSF 

analysis such as cell count, differential count, and protein concentration also rarely identify a 

specific etiology, and a misdiagnosis can have long-term consequences on the patient if 

inappropriate treatment is prescribed49,54. Other limitations of using CSF to diagnose CNS 

diseases include the invasive nature of CSF collection, low cell yield, and quick sample 

deterioration13,66.  
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Limitations of CSF use 

In contrast to other organs, the CNS is almost completely encased in bone. As a result, 

diagnostic evaluation of the CNS can be much more difficult55. For example, CSF is obtained by 

inserting a needle between the vertebrae, though the dura and into the subarachnoid space and 

then aspirating the fluid into a syringe. General anesthesia, which carries its own set of risks, is 

required to obtain CSF from small animals8,20 Of the diagnostic methods available to analyse the 

CNS, the most common is CSF analysis as it provides internal CNS information and is less 

invasive than biopsy55,67. Complications are rare but can include alternations in intracranial 

pressure, which can lead to a decrease in cerebral blood flow or herniation of the brain8,20. 

However, proper technique minimizes risk and maximizes patient comfort67.  

The other main limitation is that CSF analysis is time-dependent. Once CSF is taken, it 

must be processed immediately to prevent cell loss from cell lysis which reduces the likelihood 

of inaccurate CSF analysis. It has been demonstrated that approximately 50% of immune cells 

are lost one hour after CSF is taken, and that only 39-60% of cells can be detected after 24 

hours66. The loss of cells can be a serious problem as CSF is already a low cellularity medium. 

Therefore, the time-dependent nature of CSF analysis further complicates attempts to make 

diagnoses in situations where a normal CSF does not exclude certain CNS diseases52,55. 

New diagnostic tests of lymphocytes in CSF  

Lymphocytes can be found in CSF from both normal and disease states and increases are 

used to offer a list of differential diagnoses2,17. Neuroimmunological responses are common in 

CNS diseases and can result in an increase in lymphocytes68. A study using 

immunohistochemistry to identify inflammatory cells in brain lesions in cases of MUE found 

that lymphocytes were possibly associated with NME and GME25. The lesions of GME had an 

increase in T cells compared to NME25. However, the overall proportions of inflammatory cells 

between these diseases did not significantly differ25. This finding was supported by research on 

mice with autoimmune encephalomyelitis which indicated that certain lymphocytes found in 

CSF from a mouse with neurologic clinical signs might be associated with pathological 

characteristics of specific CNS diseases69,70. Furthermore, recent studies on the CSF of humans 
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with CNS diseases such as MS looked at differentiating lymphocytes such as B cells and T 

cells71–73. Using NGS it was demonstrated that specific lymphocytes found in the CSF of MS 

patients were similar to the lymphocytes found in the patient’s CNS parenchymal lesions71. 

Furthermore, NGS of lymphocytes found in CSF had a high sensitivity and specificity in 

diagnosing MS, specifically an 84% chance of identifying relapsing-remitting MS72. In human 

medicine they have used NGS methods to diagnose CNS diseases such as MS, but the technique 

has not been applied to canine CSF71–73. Harnessing lymphocytes specific for a disease has the 

potential to create a new antemortem diagnostic tool in dogs with CNS disease.  

Cell-associated and cell-free DNA  

When using CSF for molecular analysis it can be split into two fractions by 

centrifugation: cell-associated, or the pellet, and cell-free, or the supernatant. A large percent of 

the cells present in CSF lyse within a couple of hours after sampling66. This means a percentage 

of the cellular DNA is in the form of free-floating DNA in the supernatant fraction known as 

cell-free DNA (cfDNA). Hence cfDNA has the potential to be a source of useful information. 

Lymphoma studies have demonstrated that cfDNA from plasma have a higher correlation to 

disease burden and percentage of sequences for cancer mutant alleles then the cell-associated 

DNA (caDNA) which suggests that cfDNA could be used to monitor neoplasia74,75. In human 

medicine, the analysis of cfDNA, has been proposed as a marker of inflammation, and the 

concentration of cfDNA may correlate with the chronicity and type of inflammatory process76. 

Furthermore, cfDNA yields may be associated with mortality and clinical outcome for acute and 

infectious inflammation, but its correlation with other biomarkers of inflammation were 

inconclusive76. Based on these studies cfDNA from CSF might provide useful information for 

detecting and characterizing multiple canine CNS diseases. 

1.1.5 Lymphocytes and the adaptive immune system 

The CNS is protected by the innate and adaptive arms of the immune system2. The innate 

immune system is the first line of defence and is made up of anatomical barriers, antimicrobial 

peptides, the complement system, and immune cells such as macrophages and neutrophils, which 

carry nonspecific pathogen-recognition receptors (i.e. receptors that do not discriminate between 
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similar pathogens)12. The adaptive immune system provides protection by mounting highly 

specific immune responses through lymphocytes with antigen-specific receptors12. Both arms of 

the immune system have complementary functions and rely on their ability to differentiate 

between self and non-self to function properly77. 

Lymphocytes 

Lymphocytes are a type of white blood cell that is responsible for mediating adaptive 

immune responses. Each lymphocyte carries an antigen receptor that is specific for a single 

antigen12. Based on the type of antigen receptor, lymphocytes are divided into B and T cells. B 

cells mediate humoral immunity by producing antibodies12, which can bind and neutralize 

pathogens without the need for antigen presentation12. T cells are responsible for cell-mediated 

immunity and can perform a variety of functions, such as activating other immune cells, 

directing B cells to produce antibody or directly killing infected cells12. In contrast to B cells, T 

cells require antigen presentation by major histocompatibility complex (MHC) proteins on the 

surface of antigen presenting cells12,78. 

Lymphocyte antigen receptors  

A characteristic of the adaptive immune system is its ability to recognize antigens by 

highly diverse but specific lymphocyte antigen receptors (LARs)79. B cell receptors (BCRs) are 

composed of immunoglobulin heavy (IGH) chains and immunoglobulin light chains12,80. 

Depending on the type of T cell, T cell receptors (TCRs) are composed of αβ or γδ chains12. 

LARs are transmembrane receptors that, in the case of B cells, can also be secreted12,81,82. The 

extreme diversity of LAR genes is generated by rearrangement of variable (V), diversity (D), and 

joining (J) germline genes, a process known as V(D)J recombination or antigen receptor 

rearrangement. Each rearranged LAR gene is composed of one each type of genes joined 

together12,81,83,84. In addition, nucleotides are deleted and randomly inserted at the ends of the 

genes’ joining sites, which further increases antigen receptor diversity84–86. The junctional region 

that is created by this process represents the antigen binding site and is referred to as 

complementarity determining region 3 (CDR3). It is unique for every LAR and chances that two 

different lymphocytes generate the same receptor sequence are extremely low12,42,86. Immune 



 

 

16 

 

repertoires can be defined as the sum of all T or B cell receptors in a given sample or individual 
12,81,87. Immune repertoires are highly plastic and diverse, and because of this have a high antigen 

selectivity12,41,81,83,85,88–90. It is estimated that gene rearrangement has the potential to create more 

than 1018 different TCRs in humans and even more diverse BCR repertoires81.  

1.1.6 Immune profiling  

Immune profiling refers to characterizing the adaptive immune response by high-

throughput sequencing of LAR gene repertoires79,81,87,91.  LAR gene repertoires are shaped by 

endogenous and exogenous factors such as pathogen exposure, tumor formation, or autoimmune 

disease and represent a unique history of an individual's antigen exposure81,87. Immune profiling 

targets the hypervariable CDR3 of BCRs or TCRs, which is responsible for a lymphocyte’s 

antigen specificity79. In contrast to Sanger sequencing, next-generation sequencing can sequence 

millions of DNA fragments in parallel. NGS can be used to sequence entire genomes or specific 

sequences of interest. For immune profiling, lymphocyte antigen receptor genes are most 

commonly amplified by PCR prior to sequencing, a strategy referred to as amplicon 

sequencing92,93. After target enrichment by PCR, amplicons can be sequenced by various 

platforms. The Illumina platform (Illumina, CA), which was used in this study, is based on a 

“sequencing by synthesis” method, which relies on DNA replication and fluorescently labeled 

bases92,94. Millions of DNA fragments are immobilized on the surface of a ‘flow cell’ and 

labelled nucleotides are added. During each cycle of the synthesis process, a picture is snapped, 

and the added base is recorded for any particular coordinate of the flow cell based on the 

fluorescent signal. After sequencing, the raw sequencing data undergoes quality trimming and 

filtering and LAR genes annotated by specific software. LAR gene annotation includes 

determining V, D, J genes, identifying nucleotide mutations, and characterizing the length and 

composition of the CDR381.  

Since CDR3 sequences are akin to a molecular fingerprint, immune profiling can be used 

to track and compare B cell and T cell populations in different physiological and pathological 

conditions81.  Most LAR gene sequences are only present in a single individual and are referred 

to as ‘private’ LAR gene sequences. However, shared or ‘public’ antigen receptor sequences 

have been identified for specific diseases such as infectious and autoimmune have been found to 
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be shared by various individuals69,81. For example, LAR gene repertoires in mice with 

experimentally induced autoimmune encephalomyelitis showed a preferential production of 

public (shared) and disease-specific LAR gene sequences69,70. These results support the idea that 

immune profiling could be harnessed to diagnose CNS diseases69,70. Further support for this idea 

comes from studies investigating LAR gene repertoires in response to infectious organisms of 

humans, such as Epstein-Barr virus, Influenza virus A, Cytomegalovirus or herpes simplex 

virus95–100. These studies identified pathogen-specific LAR gene sequences in multiple 

individuals, suggesting that pathogen-specific, public sequences can also be identified in non-

inbred organisms. These data support the notion that distinct diseases are associated with distinct 

immune repertoires, which may be leveraged to diagnose disease. 

Examples of immune profiling 

In the context of human CNS diseases, high-throughput sequencing has been used to 

investigate adaptive immune responses in multiple sclerosis (MS), to sequence circulating 

neoplastic cells, and to identify genetic mutations in CNS neoplasia71,72,82,101–103. Immune 

profiling of MS revealed previously undiscovered V gene alleles that may be disease-

associated82. Studies have identified MS-specific lymphocytes from both blood and CSF through 

immune profiling71,72. One study on early relapsing remitting MS demonstrated that the use of 

immune profiling on CSF can identify specific mutations in V genes associated to MS72.  

LAR gene repertoires have also been analyzed in zebrafish, mice, rhesus monkeys and 

camels69,70,90,104–107. One study on zebra fish showed that over 80% of possible VDJ gene 

combinations are expressed and that different individuals produce the same immunoglobulin 

gene sequences90. Convergence of repertoires across individuals of the same species is supported 

by mouse studies, which showed public LAR genes in the context of healthy and diseased mice 

with CNS diseases69,70,104. Two of these studies successfully used immune profiling on CSF 

CSF69,70. Another mouse study performed on splenic tissue looked at T cell repertoire 

organization annotated with shared LAR genes associated with autoimmunity and cancer. This 

study showed evidence suggesting that the immune system creates LAR unevenly to focus on a 

specific cause, for example a current antigen, pathogen or disease105. These studies illustrate the 
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use of immune profiling in multiple species and in various disease settings69,70,90. Studies in 

humans and mice have applied immune profiling on CSF to diagnose CNS diseases such as MS 

and encephalomyelitis69–72,82. However, immune profiling has not been used in the context of 

canine CNS diseases. 

1.2 Overview of objectives  

Our long-term goal is to use immune repertoire profiling, i.e. lymphocyte antigen receptor 

repertoire sequencing, as a novel method to diagnose canine CNS diseases based on disease-

specific ‘immune signatures’ in CSF. Our hypothesis is that etiologically distinct CNS diseases 

are associated with unique immune repertoires that can be harnessed for diagnostic purposes.  

The objectives of this study were 1) to identify determinants for successful immune 

repertoire profiling from CSF of dogs with neurologic disease and 2) to characterize immune 

repertoires of CSF samples from dogs with neurologic disease and to correlate these data with 

working diagnosis and histopathologic diagnosis. 

1.2.1 Objective 1: 

To identify determinants for successful immune repertoire profiling from CSF of dogs with 
neurologic disease. 

The purpose of this objective was to optimize the workflow for immune repertoire 

sequencing of canine CSF samples. This objective was divided into three specific aims:  

Aim 1: To evaluate the benefit of whole genome amplification (WGA) for immune 

repertoire profiling of CSF samples. 

Hypothesis: Whole genome amplification (WGA) will result in 1) higher levels of input-

DNA for target enrichment by multiplex PCR and 2) more successful immune repertoire 

sequencing as evidenced by greater repertoire diversity.  
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Aim 2: To compare the suitability of caDNA and cfDNA for immune repertoire 

profiling of CSF samples.  

Hypothesis: Both cfDNA and caDNA will generate comparable amounts and quality of 

immune repertoire data as evidenced by usable read count and repertoire diversity. 

Aim 3: To identify sample characteristics that can reliably predict whether immune 

repertoires can be sequenced from a given sample. 

Hypothesis: Lymphocyte count will be a good predictor of sequencing success and total 

cell count will be a poor predictor of sequencing success as evidenced by usable read 

count and repertoire diversity. 

1.2.2 Objective 2:  

To characterize immune repertoires of CSF samples from dogs with neurologic disease and 
to correlate these data with working diagnosis and histopathologic diagnosis.  
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1.3 Figures and tables 

 
Figure 1-1. The process of obtaining a tentative working and definitive diagnosis 

The clinical workflow to obtain a working clinical diagnosis and a definitive diagnosis. A definitive 
diagnosis can only be determined by histopathologic examination either antemortem or postmortem. 
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2 To identify determinants of successful immune profiling of 
cerebrospinal fluid samples from dogs with neurologic disease.  

2.1 Methods  

2.1.1 Sample collection  

Fresh CSF samples were prospectively collected via the Neurology Service at the Ontario 

Veterinary College from dogs that presented with neurologic disease. Inclusion criteria consisted 

of dogs presenting with neurologic signs of CNS diseases regardless of sex, age, breed and their 

tentative CNS disease diagnosis. Dog breeds where categorized as large, medium, small or 

unknown for mixed heritage. Breed categories are specified in the appendix A.  

All CSF samples consisted of leftover samples, which would have normally been 

discarded after all standard of care clinical testing was completed. The study was approved by 

Animal Care Services of the University of Guelph (Short form, reference 2/2018).  

Each sample was split into two aliquots. One aliquot was diluted with fetal bovine serum 

(FBS) at a ratio of 50:50 as a part of routine cytologic analysis at the Animal Health Laboratory, 

Guelph (AHL). The second aliquot was stored at 4 °C until further processing. Any leftover CSF 

samples from cytologic analysis were added to the second aliquot. The percentage of FBS 

present in each sample was determined based on the volumes of the AHL fraction added to the 

uncut first CSF aliquot. 

FBS percentage calculation: 

FBS percent = AHL fraction volume/dilution factor/ sample’s total volume*100 

Once combined, all samples were separated by centrifugation into a cell-associated (ca) fraction 

(pellet), and a cell-free (cf) fraction (supernatant) and stored at -20°C until further processing.  
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2.1.2 DNA extraction and quantification  

Total DNA was extracted from the ca fraction using the Qiagen Micro Kit (Qiagen, CA) 

and from the cf fraction using the Qiagen Circulating Nucleic Acid Kit (Qiagen, CA). The 

extracted DNA was quantified by fluorometry using Qubit® dsDNA Assay Kit (Thermo Fisher 

Scientific, MA).  

To assess the effect of fetal bovine serum (FBS) on DNA quantification, DNA was 

extracted from a dilution series of FBS (Gibco, Thermo Fisher Scientific, MA) in molecular 

grade water using the Qiagen Circulating Nucleic Acid Kit (Qiagen, CA). The tested FBS 

concentrations reflected those found in CSF samples. Fractions taken from AHL are diluted in 

FBS using a 50:50 ratio. For example, if a submission had an initial volume of 400 µL then 400 

µL of FBS would be added. This ratio helped determine the amount of FBS present in the CSF 

aliquot taken from AHL. This information with the total volume of the combined aliquots 

allowed for the calculation of the percentage of FBS found in the diluted CSF samples.  

Calculations to determine percentage of FBS present in a sample: 

AHL = 1:2 = 1/2 = a dilution factor of 2 

DF of a serial dilution = all dilution factors multiplied by each other  

DF of FBS = (final volume of combined sample / volume of FBS contaminated sample from 
AHL) (dilution factor of 2) 

DNA was extracted from FBS diluted 5x, 15x, and 25x with nuclease free molecular 

biology water in duplicate starting with 0.6 ml of FBS to 2.4 ml of molecular biology water to 

make 3 ml of 5x dilution. The 5x dilution was then diluted in serial to make 3 mL of each of the 

lower dilutions. This allowed for 1 ml of each dilution in duplicate to be DNA extracted. 

Nuclease free molecular biology water was DNA extracted as a negative control. The extracted 

DNA was quantified by fluorometry using the Qubit® dsDNA Assay Kit (Thermo Fisher 

Scientific, MA). The experiment was repeated with dilutions of 5x, and 100x to confirm the 

repeatability of results (Table 2-1).  
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To assess the effect of carrier RNA on DNA yield, DNA was extracted in duplicate from 

molecular grade water with and without carrier RNA. This was done for both extraction kits, the 

Qiagen Circulating Nucleic Acid Kit and the Qiagen Micro Kit (Qiagen, CA). The extracted 

DNA was quantified by fluorometry using Qubit® dsDNA Assay Kit (Thermo Fisher Scientific, 

MA).  

2.1.3 Analysing medical reports and clinicopathologic analysis  

Data was obtained from patient records to identify gross sample characteristics of CSF 

for all collected samples. Medical records were searched for signalment, clinical diagnoses, 

treatment, and outcome. For the purpose of this study, the working clinical diagnosis was used as 

the clinical diagnosis. This working diagnosis was arrived at through the full neurologic 

workflow (patient history and signalment, neurologic assessment, imaging, serologic and 

cytologic testing) (Figure 1-1). The working clinical diagnosis was categorized into one or more 

disease category. Categories included degenerative, epilepsy, inflammatory, ischemic, 

malformation, metabolic, neoplastic, traumatic and miscellaneous diseases (Table 2-2).  

Clinicopathologic records were searched for cell count values (done by hemocytometer), 

cell differential (cytocentrifuge preparation), red blood cell (RBC) count, and protein 

concentration. If available, PM results were retrieved from the AHL database. This data was 

organized into a data set for future analysis which will categorize the PM diagnosis based on the 

type of inflammation the PM-diagnosed disease causes (primary inflammation vs secondary 

inflammation).  

2.1.4 Normal CSF parameters  

CSF samples were analysed for the presence of abnormalities and indicators of CNS 

disease. The AHL reference intervals for normal CSF hemocytometer count is less than 0.003 

x109/L nucleated cells for a cisternal (magna/cerebellomedullary and lumbar). The CSF should 

be clear with no RBC present and have a protein concentration below 0.45 g/L for lumbosacral 

spinal tap and <0.35 g/L for a cisternal spinal tap8,13. The cell differential on the cytocentrifuge 

preparation should be composed mostly of small and large mononuclear cells (lymphocytes and 
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macrophages, respectively) with less than 10 % made up of neutrophils and 1% 

eosinophils8,13,20,108. 

2.1.5 Predicted cytocentrifuge differential cell counts  

Because the automated analyzer requires too much sample, a hemocytometer (Hausser 

Scientific via Fisher Scientific, ON) is used to determine the white blood cell count in CSF 

samples54,109. The differential cell count, i.e. the percentage of neutrophils, lymphocytes, 

macrophages, eosinophils, etc. is performed by counting the cells on the cytospin (or 

cytocentrifuge) preparation.  

Cytospin assessment of 200ul of CSF does not work well for high cellularity samples 

since cell counts commonly don’t exceeds counts of 200 cells110. This means that any count that 

equals 200 cells or more exceeds the upper detection limit of the method. Which can cause 

inaccurate calculations for the immune cell counts, e.g. total lymphocytes found in a sample.  

Therefore, a predicted cytospin count was created using a regression analysis based on the 

correlation between cytospin counts below 200 (excluding counts ≥ 200) and their 

hemocytometer cell counts. The predicted cytospin count along with the cell differential results 

was used to determine the overall predicted lymphocyte count found in a sample.  

Extrapolate lymphocyte counts using predicted cytospin differential cell count calculation:  

predicted lymphocyte counts = predicted cytospin differential cell count*lymphocyte percent 
of a submission /100 

2.1.6 Hemorrhage 

It is possible that iatrogenic hemorrhage introduces lymphocytes, and therefore immune 

repertoires to CSF. To investigate this question, we categorized samples as hemorrhagic if two of 

the three following criteria were met: gross blood contamination was noted at the time of 

sampling, the CSF red blood count was increased, there was microscopic evidence of 

hemorrhage, or there was red discolouration of the cell pellet after centrifugation in our 

laboratory. As our main goal was to determine whether hemorrhage caused outliers in LARs we 

did not differentiate between iatrogenic or subarachnoid hemorrhage in our analyses.  
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Visible blood contamination was observed in 24/188 CSF samples. A normal RBC count 

result for CSF is a count of zero, however, through the collection process it is common for RBC 

to be introduced into the CSF as a contaminant13. A general rule to follow is any sample with an 

RBC count greater than 3000 cells/µL should be re-collected108. CSF analysis interpretation of 

true hemorrhage versus sample contamination by RBCs, is the presence of RBC breakdown 

products, e.g., golden-brown, grey, or black globular pigments, in CSF macrophages, with or 

without free RBCs13. Samples showing two of the three defined signs (high RBC count, visual 

pellet or clinicopathologic interpretation of hemorrhage) were considered hemorrhagic. Data sets 

with and without hemorrhage submissions were analysed to determine if hemorrhage had any 

effects on the immune profiling of the CSF samples.  

2.1.7 Initial data analysis of CSF analytes/sample selection criteria  

DNA yields were compared with the CSF characteristics obtained from the medical data 

collected. Statistical analyses were carried out using R. ANOVA tests were performed to 

determine significance between variables and t-tests were used to determine the significance 

between means. The correlations were used to identify sample characteristics that can reliably 

predict whether immune repertoires can be sequenced from a given sample. 

2.1.8 Sample selection for sequencing  

A total of 3 sequencing runs were performed. The aim of sequence run 1 was to test the 

library preparation protocol, to compare the two CSF fractions and to determine whether CSF 

samples with low DNA yields can be sequenced. Six CSF samples were separated into ca and cf 

fractions and run in duplicate, resulting in a total of 24 samples plus 8 controls (4 non-template 

controls, 4 positive polyclonal controls). This run included PM cases for which a final diagnosis 

could be established but some samples lacked a clinicopathologic assessment.   

Sequencing runs 2 and 3 additionally aimed at comparing the effect of WGA on immune 

repertoire sequencing. Six CSF samples were separated into ca and cf fractions and each fraction 

was split into two – one aliquot underwent WGA, the other did not. All reactions were run in 

duplicate, resulting in a total of 48 samples plus 16 controls, 8 for each WGA treatment (4 non-

template controls, 4 positive polyclonal controls) (Figure 2-1). Samples with a wide range of 
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lymphocyte abundance were chosen to examine the effect lymphocyte abundance on sequencing 

results. 

2.1.9 Whole genome amplification  

To determine if WGA could increase pre-PCR DNA yields, a subset of samples 

underwent multiple displacement amplification-based WGA as per the manufacturer’s 

recommendations (Qiagen RepLI-g single cell kit, Qiagen, CA). A starting amount of 1-10 ng of 

purified DNA in a sample volume of 10 µL was used. DNA yields were quantified before and 

after WGA using the Qubit® dsDNA Assay Kit (Thermo Fisher Scientific, MA). It should be 

noted that carrier RNA is composed of polyA RNA of varying lengths and is not amplified by 

the REPLI-g WGA kit. 

2.1.10 Library preparation and sequencing  

Target enrichment by PCR 

To increase the proportion of LAR gene sequences, the immunoglobulin heavy chain 

(IGH) genes and T cell receptor beta (TRB) genes were amplified by conventional PCR for B 

and T cells, respectively. Rearranged IGH genes were amplified using the IGH-K9FR3_v3.2 

primer set, which has been described previously111,112. This primer set is composed of three 

forward and two reverse primers and has a product size of approximately 150-190 bp. Synthetic 

template DNA (stDNA) was spiked in at 104 copies to verify amplification and to facilitate 

quantification of endogenous starting DNA. Each template has a unique size (bp lengths:134, 

150, 165, 180, 195, 215) and nucleotide sequence. The primer and stDNA sequences are 

specified in the appendix B.  

Rearranged TRB genes were amplified using the primer set TRB_v3.3, which is 

composed of eighteen forward primers and eight reverse primers. This primer set generates 

products of approximately 150-170 bp. Synthetic template DNA was added to the controls to 

maintain consistency with the IGH primer set. All samples with a DNA concentration above 10 

ng/µL were normalized to 10 ng/µL prior to multiplex PCR. A total of 5 µL DNA sample 20 µL 

of PCR primer master mix (NEB Q5 High fidelity DNA Polymerase) was used for each PCR 
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reaction. The cycling condition were as follows: 30 cycles at 94°C for 40 s, 64°C for 30 s, and 

72°C for 30 s according to the manufacturer’s recommendations (NEB, CA). To confirm 

successful amplification, 3 µL per sample was size-separated and visualized by capillary 

electrophoresis using the QIAxcel High Resolution Kit (Qiagen, CA). Subsequently, IGH and 

TRB samples were pooled by replicate and cleaned-up using SPRI beads as per the 

manufacturer’s recommendations (Omega BioTek’s Mag-Bind RxnPure Plus, Omega Biotek, 

GA). The successful clean-up was visualized by capillary electrophoresis using QIAxcel High 

Resolution Kit (Qiagen, CA) 

Adapter ligation and index PCR 

Next, PCR products were ligated to adapters, which facilitate immobilization on the flow 

cell, allow for sample identification through a bar code and facilitate priming. Adapter ligation 

was performed using the NEB Ultra II DNA Library Prep kit and the Multiplex Oligos for 

Illumina (NEB, CA) according to the manufacturer’s recommendation. Subsequently, adapter 

ligated samples were purified as described above (Mag-Bind RxnPure Plus, Omega Biotek, GA) 

and successful clean-up was verified by visualization using the QIAxcel capillary electrophoresis 

system (Qiagen, CA). The final product size was approximately 300 bp.  

Library Quantification, denaturing and loading  

Prior to pooling of samples for sequencing, the DNA concentration of each sample was 

quantified by fluorometry using the Qubit® dsDNA Assay Kit (Thermo Fisher Scientific, MA) 

and converted to nM using the following formula: 

 ((concentration ng/µL)/ (660 x average library size)) * 10^6 = concentration in nM 

((concentration ng/µL)/ (660 x 300)) * 10^6 = concentration in nM 

Samples and controls were pooled separately by volume and quantified by fluorometry 

using the Qubit® dsDNA Assay Kit (Thermo Fisher Scientific, MA). If a pooled sample was 

below 4 nM, a filter was used to concentrate the sample as per the manufacturer’s instructions 

(Amicon Ultra-0.5 Centrifugal filter devices, OH). The CSF pool and control pool were 
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normalized, combined at a ratio of 20:1, quantified and normalized again to 4 nM. The pooled 

library was visualized using the QIAxcel capillary electrophoresis system to confirm a product 

size of 300 bp (Qiagen, CA). The 4 nM library was denatured using 0.2 M NaOH and diluted to 

10 pM using a 10% by volume Illumina PhiX v2 spike-in.  Sequencing was conducted on an 

Illumina MiSeq platform using the reagent kit v2 with 300 cycle paired-end reads (Illumina, 

CA). 

2.1.11 NGS Data analysis  

FASTQ files were quality trimmed and filtered using the Trimmomatic software with a 

Q30 and length 50 bp threshold113. Quality scores were visualized using the fastQC software114. 

All further data analysis was performed using the ARResT/Interrogate bioinformatics platform 

and custom R code115,116. The Interrogate/ARResT platform and R code was to merge paired 

reads, to identify V and J genes, and to extract CDR3 sequences. If both a V gene and a J gene 

could be identified, a sequence was assumed to represent a LAR gene and was designated 

‘usable sequence’. If not, reads were considered to be off-target and filtered out. 

 Definitions: 

Raw reads: All reads generated by a sequencer, regardless of if they represent LAR gene 

sequences or off-target sequencing products. 

Usable reads: Reads containing LAR gene sequences  

Clonotype count or richness: The total number of clonotypes in a sample. To allow for some 

redundancy for polymerase and sequencing errors, a clonotype was defined as a LAR gene 

sequence with a unique CDR3 amino acid sequence 

Repertoire diversity: A metric for the total number and relative abundance of clonotypes in a 

given sample 76,117. Several indices have been used to measure LAR gene diversity, the most 

common ones being the Shannon index and the Simpson index117–119. For this study, we used the 

Shannon diversity72,118. The Shannon diversity is based on the assumption that individual 
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clonotypes which are randomly sampled from an infinitely large community of lymphocytes in a 

sample, represents all clonotypes found in the sample118. 

Shannon index of diversity = −∑i=1spi ln pi, 

 Pi = ni/N 

 I = A particular species of LAR  

S = The total number of species   

ni = Number of individuals of the ith species 

 N = The total number of individuals  

The Shannon diversity index was used to calculate the effective species count, which allows for 

the comparison of diversities between different communities or samples117,120–122.  

Effective species count = Exp (Shannon diversity) 

ANOVA and t-tests were performed on the richness and diversity indexes to determine 

significance between these variables. The richness and diversity variables analyzed were further 

correlated with the gross appearance of CSF, and cytologic findings to check for any variables 

that could be used to predict whether a sample would produce useful sequencing results.  

2.2 Results  

2.2.1 Study Population 

During a 29-months sampling period, from November 2016 to April 2019, 188 CSF 

samples were processed and stored for analysis, averaging 6 (range 0 – 13) samples per month 

(Figure 2-2). Medical reports were analysed, and DNA was extracted from 134/188 (71%) 

samples. The mean age of dogs was 6 years, range from 6 months to 14 years. There were 43% 

(n=58) female and 56% (n=76) male, of which 8 females and 20 males were intact (Figure 2-3). 

Twenty-eight percent were mixed breed dogs of unknown size (n = 38), 34% (n = 45) were large, 

12% (n = 16) medium and 26% (n = 35) were small breed dogs (Figure 2-4). Medium and large 

breeds were overrepresented (32/188) with Boxers (n = 7), Labrador Retrievers (n = 10), Golden 
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Retrievers (n = 8) and German Shepherds (n = 7) (Figure 2-5). The most numerous small breeds 

in the study included Pugs (n = 4) and Terriers (n = 10). Toy breed dogs included Miniature 

Poodle (n = 3), Miniature Dachshund (n = 2), Shih Tzu (n = 1), Maltese (n = 1), Coton du Tulear 

(n = 1), and Chinese Crested Powder Puff (n = 1).  

2.2.2 Clinical diagnosis 

To reduce the variability of clinical diagnoses, diagnoses were placed into one or more 

broad CNS disease category. In descending order of prevalence, patients were diagnosed with 

the following conditions (Table 2-2): inflammatory (56), degenerative (31), neoplastic (25), 

epilepsy (23), ischemic (8), malformation (8), traumatic (4), metabolic (3) and miscellaneous 

(31) diseases (Figure 2-6). Most miscellaneous diseases were vestibular diseases or disorders 

(10). Most patients had a working diagnosis from one category only 76% (109/142), however, 

multiple patients had clinical diagnoses from two or more disease categories 24 % (33/142) 

(Figure 2-7). The samples with a working clinical diagnosis that fell under two or more disease 

categories were stratified into groups composed of 2 disease categories (24 /33), 3 disease 

categories (5 /33), 4 disease categories (3/33), and 5 disease categories (1/33). The disease 

category with the highest number of single clinical diagnoses was inflammatory (n = 34) 

followed by degenerative (n = 22), epilepsy (n = 17) and neoplastic (n = 11) disease. 

Additionally, when looking at the diseases with more than one category it was seen that 22 /33 

were diagnosed as a potential inflammatory disease.  

Definitive diagnosis and survival 

Out of the 188 samples processed 15 were from dogs that were euthanized and had a PM 

performed. The distribution of the working diagnoses of these samples based on disease 

categories were 6/15 (40%) inflammatory, 3/15 (20%) neoplastic, 1/15 (7%), degenerative, 1/15 

(7%) miscellaneous and 4 were diagnosed under two or more disease categories. In descending 

order of prevalence, the definitive diagnosis by histopathological examination at PM were 7/15 

(47%) inflammatory, 5/15 (33%) neoplasia, 2/15 (7%) degenerative, and 1/15 (7%) 

malformation. Of the 7 CSF samples with a definitive diagnosis of an inflammatory disease 4/7 

was considered immune mediated, 2/7 was considered infectious and 1/7 was unknown. The 
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survival time from the initial clinical assessment to date of death for these patients was a mean of 

46, range days 0 – 421 days.  

2.2.3 Routine CSF analysis  

Routine CSF analysis was performed for 134/188 (71%) of samples processed and 

included protein concentration, total nucleated cell and RBC counts by hemocytometer, cytospin 

total cell count, and differential cell count on the cytospin preparation.  

Protein concentration  

The mean protein concentration was 0.63 g/L (0.08 – 9.64 g/L; reference range < 0.45 

g/L). From the cohort of samples with available protein concentration data, 98/147 (67%) 

samples were considered normal and 49/147 (33%) samples were considered as having elevated 

protein. Samples with an increase in protein concentration without an elevation in the immune 

cell (with protein concentration > 0.45 g/L to encompass a lumbosacral spinal tap and a cisternal 

spinal tap and total cell count < 0.003 x109/L cells/L) are referred to as having albuminocytologic 

dissociation. For the CSF samples assessed, 20/145 (14%) met the criteria for albuminocytologic 

dissociation.  

Cell count (hemocytometer vs cytospin) 

The total cell count was assessed by two methods, the hemocytometer cell count and the 

cytospin cell count. The mean hemocytometer cell count was 0.05 x 109 cells/L (range: 0.00 - 

1.70 x 109). Out of 164 samples with hemocytometer values, 125 (76%) samples were 

considered normal and 39 (24%) samples were considered to have elevated cell counts (>0.003 

x109/L cells/L). The mean cytospin count in 200 µL was 94 cells, however, all cytospin counts 

were capped at 200 cells. To include samples with a cytospin count over 200 cells, a predicted 

cytospin count was extrapolated for high cellularity samples using a regression analysis and 

hemocytometer cell counts. The mean for predicted cytospin cell counts was 751 cells per 200 

µL of CSF (24 – 24,798 cells). Hemocytometer and cytospin counts had a correlation of r2 = 0.28 

(Figure 2-8). When low hemocytometer values (< 0.001 x 109 cells/L) and high cytospin values 

(> 200 cells) were removed from the data set, the correlation increased to r2= 0.52. To assess the 
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association between clinical diagnoses and total cell count, clinical diagnoses were binned into 

general categories and plotted against the cell count. As expected, clinical diagnoses of 

inflammatory disease were associated with higher cell counts than other disease categories 

(Figure 2-9, Figure 2-10).  

Differential cell count 

Based on the differential cell count (individual cell counts divided by the total number of 

cells counted), the mean percentage of leukocytes was 43 % (0 - 92%) macrophages, 41 % (0 - 

92%) lymphocytes, 13 % (0 – 94%) neutrophils, and less than 1% for both eosinophils (0 – 12 

%, mean = 0.33 %) and mast cells (0 – 81%, mean = 0.51%) (Figure 2-11). No specific disease 

category was associated with a specific composition of the immune cell percentages. The 

cytologic assessment determined that 88 /144 (61 %) CSF samples analysed were abnormal 

regarding the cell differential. The cell differential indicated samples with pleocytosis which 

included 18/164 (11%) neutrophilic pleocytosis (with > 10% neutrophils and total cell count > 

5.00 x106 cells/L), and 1/164 (0.6%) eosinophilic pleocytosis (with > 1% eosinophils and total 

cell count > 5.00 x106 cells/L). Clinicopathologic assessment by a clinical pathologist confirmed 

diagnoses of 6 samples to have neutrophilic pleocytosis and 1 sample to have eosinophilic 

pleocytosis.  

CSF samples were observed to have mononuclear pleocytosis (lymphocytic and/or 

macrophagic) for 16/164 (10%) (with < 10% neutrophils, < 1 % eosinophils and total cell count 

> 5.00 x106 cells/L). The cytologic assessment performed by a clinical pathologist diagnosed 10 

CSF samples with lymphocytic pleocytosis, 13 with mononuclear pleocytosis and 10 with mixed 

pleocytosis (mononuclear and neutrophilic pleocytosis). As this study focuses on LAR genes 

from lymphocytes, the lymphocyte abundance was the variable of most interest. Based on the 

predicted cytospin lymphocyte count, the mean lymphocyte abundance was 0.88 cells/µL (0.00 -

19.63 cells/µL) or 177 cells in 200 µL (0.00 – 3,926 cells). The samples with the highest 

lymphocytic counts were associated with the inflammatory disease category (Figure 2-12).  
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Hemorrhage 

Three metrics were used to gauge the magnitude of hemorrhage in CSF samples: RBC 

count, clinicopathologic assessment of a cytospin prep and presence of a red pellet after 

centrifugation. The mean RBC count in 188 samples was 1.30 x109 cells/L (0.00 x109 - 75.4 x109 

cells/L) (Figure 2-13) with 2 outliers seen and a median of 0.008 x109 cells/L. Based on the 

definition by Cowell et al., 4 CSF samples were classified as being contaminated with 

hemorrhage (>0.3 x 109 cells/L or 3,000 cells/µL). Based on the clinicopathologic assessment of 

cytospin preps by a clinical pathologist, 26/188 (14%) CSF samples showed evidence of 

hemorrhage. A red pellet after centrifugation was seen in 24/188 CSF (13%) samples processed. 

All 4 CSF samples classified as being contained with hemorrhage by RBC counts were 

diagnosed as hemorrhage by the other two hemorrhage metrics as well.  

For the purpose of this study, a more stringent definition of hemorrhage was 

implemented. A sample was excluded from further analysis, when two or three of the metrics 

were considered to have hemorrhage. Out of 188 samples, 8 met the more stringent criteria for 

hemorrhage, 4 of which met all three exclusion criteria and 4 of which only met two criteria 

(visual pellet and clinicopathologic assessment of hemorrhage). 

There was less sensitivity and agreement for what is considered hemorrhage between the 

RBC count, clinicopathologic assessment of a cytospin prep and presence of a red pellet after 

centrifugation. Some CSF sample were determined to have hemorrhage in some cases but not in 

others with the same or higher RBC counts. All samples with RBC count below 0.006 x 109 

cells/L had no clinicopathologic interpretation of hemorrhage. Most samples which showed a 

visual pellet also had a high RBC count, except for 6 sample with various medium to low RCB 

counts. The lowest RBC count to have a red pellet was 0 cells. Sample volume did not affect 

whether a red pellet was seen in a CSF sample.  

To gauge how blood contamination might affect the cellular composition of CSF, the 

association of RBC and total cell count was investigated. When considering all samples, a high 

positive correlation between RBC count and the total cell count was seen (r2= 0.75, p-value 

<0.05) (Figure 2-14). After removal of the previously identified 8 samples with evidence of 
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hemorrhage, there was no correlation between RBC count and total cell count or lymphocyte 

count.  

2.2.4 DNA yield of CSF samples 

To characterize the DNA yield of canine CSF samples, 124/188 samples were separated 

into pellet and supernatant and DNA was extracted and quantified. The mean processing interval, 

defined as the time between the spinal tap and the freezing of samples after fractionating, was 5 

days (1 – 61 days) (Figure 2-15). The mean DNA yield of the ca and cf fractions was 0.53 ng/µL 

(0.00 - 15.20 ng/µL, median = 0.09 ng/µL) and 0.28 ng/µL (0.00 - 3.83 ng/µL, median = 0.17 

ng/µL), respectively (Figure 2-16). Overall there was no significant difference between the DNA 

yields of the two fractions (p-value > 0.05), however there were a few outliers. The DNA yield 

of both CSF fractions had a positive correlation between each other (r2= 0.63, p-value < 0.05). 

Out of the total cohort of CSF samples DNA extracted as separate CSF fractions 18/124 were 

sequenced by NGS. The ca fraction DNA yield mean was 0.62 ng/µL (0.00 - 7.4 ng/µL) the 7.4 

ng/µL being one outlier from a neoplasia case, while the cf fraction mean was 0.43 ng/µL (0.00 - 

1.27). As seen with the total cohort, there was no significant difference between the two CSF 

fractions for the DNA yield (p-value > 0.05) (Figure 2-17). The DNA yields were correlated to 

the CSF analytes total cell count (cytospin count and hemocytometer count) and lymphocyte 

count. 

For the full cohort of 124 CSF samples separated into ca and cf the DNA yield of both 

CSF fractions showed a positive correlation with the total cell count (r2= 0.85 for caDNA; r2= 

0.51 for cfDNA, (p-values < 0.05)). Low to moderate positive correlations were seen between 

the predicted lymphocyte counts and DNA yields (caDNA r2= 0.32, cfDNA r2=0.51, p-value < 

0.05).  

Effect of added FBS on DNA yield 

Since FBS had been added to a portion of CSF samples to extend cell viability, the effect 

of added FBS on DNA yield was quantified in a controlled experiment. FBS had been added to 

41/188 (22%) samples at a mean volume of 23.36 µL (0 – 335 µL) with a mean total CSF sample 
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volume of 700 µL (100 – 2400 µL). The mean percent volume of FBS added to the CSF samples 

was 2.5 % (0 – 33%).  

To determine the effect of added FBS on DNA yield, serial dilutions of FBS in water 

were prepared and DNA was extracted and quantified as per routine protocol. The range of FBS 

dilutions that best represented the FBS added to the CSF samples in this study were 5x, 15x and 

25x (Figure 2-18). The DNA yield of the extracted FBS serial dilutions ranged from 0.01 ng/µL 

to 0.48 ng/µL, regardless of the dilution step (Figure 2-19). Readings for all serial dilution (100x, 

25x, 15x, 5x) had similar values. The nuclease free water used as a control gave a mean DNA 

yield of 0.25 ng/µL.  

Effect of added carrier RNA on DNA yield 

Given that water-only controls resulted in detectable DNA yields in the previous 

experiment, it was hypothesized that these readings were produced by carrier RNA rather than 

sample DNA. Carrier RNA was spiked into low cellularity samples during DNA extraction to 

minimize sample loss. This consideration was of particular concern because the yields observed 

in non-DNA controls were comparable to those seen with low cellularity CSF samples. To assess 

if carrier RNA spike-in could affect DNA yield, DNA extractions were performed on molecular 

grade water with and without carrier RNA using two different DNA extraction kits. 

For the Qiagen Circulating Nucleic Acid Kit, all Qubit results for molecular grade water 

without carrier RNA spike-in were below the detection limit (<0.05 ng/µL) while the mean for 

molecular grade water in duplicate with carrier RNA was 0.23 ng/µL. For the Qiagen Micro Kit, 

Qubit results for molecular grade water with or without carrier RNA were below the detection 

limit (<0.05 ng/µL). 

All reactions were performed in replicate and the experiment was repeated once. The 

qubit values obtained for the molecular grade water using the Circulating Nucleic Acid Kit 

protocol with carrier RNA were in the same range as the values seen for the FBS extraction 

experiments. Based on these findings the Qubit quantification method reads carrier RNA from 

the Qiagen Circulating Nucleic Acid Kit. This means that the cf fraction DNA yields are not as 
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accurate as the ca fractions. Based on the mean qubit reading for molecular grade water using the 

Qiagen Circulating Nucleic Acid Kit with carrier RNA 44/122 (36%) CSF cf fractions could be 

false positive DNA yield readings. While 78/122 (64%) cf CSF fractions have the potential of 

having elevated DNA yields results skewed by the carrier RNA.  

Effect of blood contamination on DNA yield 

To gauge the effect of blood contamination on DNA yield, the correlation of RBC count 

and DNA yield was investigated. When considering all samples, there was a moderate 

correlation between RBC count and caDNA yield (r2= 0.56, p-value < 0.05) and a minor 

correlation between RBC count and cfDNA yield (r2= 0.24, p-value <0.05). There was no 

correlation between RBC count and the lymphocyte abundance of a sample (r2= 0.039, p-value = 

0.64). After removal of the previously identified 8 samples with evidence of hemorrhage, there 

was no correlation between RBC count and DNA yield. 

Furthermore, when comparing data sets with and without the 8 hemorrhage samples there 

was no change in the correlations between the CSF analytes. DNA yields were positively 

correlated with total cell count (r2= 0.79 for caDNA, r2= 0.53 for cfDNA, p-value <0.05). Low 

positive correlations were seen between the predicted lymphocyte counts and DNA yields 

(caDNA r2= 0.35, cfDNA r2=0.34). The only major difference between the correlations for the 

two data sets with and without samples with evidence of hemorrhage was a high positive 

correlation between the total cell count and the lymphocyte abundance (r2=0.79, p-value <0.05) 

when hemorrhage cases where excluded (Figure 2-20). This correlation was the same for both 

the hemocytometer cell count and for the predicted cytospin count.  

2.2.5 Utility of whole genome amplification to increase DNA yield 

Given the low cellularity and DNA yield of CSF samples, the utility of WGA to increase 

the available DNA for PCR and subsequent library preparation was investigated. It was 

hypothesized that WGA would significantly increase total DNA yield, which might in turn result 

in an increased sequence coverage of LAR genes downstream. A portion of the cfDNA and 

caDNA fractions of 12/124 total DNA extracted samples were treated with WGA, which 

included both cf and ca fractions for a total of 24 WGA reactions.  
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All WGA treated fractions showed a significant increase in DNA yield compared to the 

starting concentration. Overall, samples before WGA had a mean DNA concentration of 0.48 

ng/µL (0.07- 1.42 ng/µL) compared to 1090.6 ng/µL (201 - 2480ng/µL) after WGA (Figure 

2-21). Whole genome amplification on average increased the DNA yield by 2000 times. The 

substantial amplification effect of WGA was true for both CSF fractions. As noted, before, both 

fractions had similar DNA yields pre-WGA treatment (ca DNA 0.50 ng/µL; cf fraction 0.427 

ng/µL). Post-WGA treatment, the ca fraction had a mean DNA yield of 1166.6 ng/µL (708 - 

2220 ng/µL), while the cf fraction had a mean yield of 1014.7 ng/µL (2012480 ng/µL). There 

was no significant difference between the CSF fractions’ DNA yield post WGA treatment (p-

value > 0.05). This allowed for the use of the maximum DNA input for the first PCR enrichment 

step of the library preparation for NGS of 10 ng/µL for the WGA treated fractions. 

2.2.6 Effect of Whole genome amplification on immune repertoire sequencing 

To gauge if the increased DNA yield for WGA treated samples translated into more 

comprehensive assessment of immune repertoires, sequencing metrics were compared between 

CSF samples treated with and without WGA. For this assessment, the data from ca and cf 

fractions were combined. The sequencing metrics that were used to assess the success of immune 

repertoire sequencing were raw reads, usable reads, clonotype count, clonotype diversity 

(Shannon diversity), and effective species count.  

Read counts 

Samples treated with WGA on average had significantly more raw reads than samples 

that did not undergo WGA (P-value < 0.05) (Figure 2-22)). Whole genome amplification treated 

samples had a mean of 149,356 reads (3,259 – 348,519 reads) while non-WGA treated samples 

had a mean of 101,825 reads (6 – 628,636 reads). Of note, one sample that was not treated with 

WGA had a significantly higher read count than the corresponding WGA treated sample as well 

as all other samples treated with or without WGA (sample 17-032882).  

When assessing the usable read count, WGA treated samples showed a higher read count 

than samples not treated with WGA, but this difference was not statistically significant (Figure 
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2-23). Whole genome amplification treated samples had a mean of 52,646 reads (25 - 219,699 

reads) while non-WGA treated samples had a mean of 45,478 reads (0- 318,398 reads). A few 

samples were found to have much higher usable read ranges for the non-WGA treated samples 

than the WGA treated samples.  

Clonotype counts 

When assessing clonotype count as the simplest measure of repertoire diversity, samples 

not treated with WGA had higher count values and a broader value range than samples treated 

with WGA (p-value < 0.05) (Figure 2-24). Samples treated with WGA had a mean of 269 unique 

clonotypes (11 - 827 clonotypes) while sample not treated with WGA had a mean of 600 unique 

clonotypes (0 - 4,144 clonotypes). The aforementioned trend of higher value ranges seen for 

some of the non-WGA samples was continued with clonotype count. It should be noted that in 

the majority of cases the clonotype count values where similar in both methods (WGA and non-

WGA) except for a few samples where the non-WGA had higher values. 

Repertoire diversity  

When comparing repertoire diversity, the non-WGA treated samples had on average a 

higher clonotype diversity than the WGA treated samples (p-value<0.05) (Figure 2-25). On 

average, the clonotype diversity was significantly higher for non-WGA samples than for WGA 

samples with means of 3.73 (range: 0.0 - 7.02) and 2.18 (range: 0.12 - 3.68), respectively. 

This trend was even more evident for the effective species count (p < 0.05) (Figure 2-26). 

The non-WGA treated samples had a mean of 136.68 effective species (1.00 - 1122.13 effective 

species) compared to a mean of 13.0 effective species for the WGA treated samples (1.14 - 39.68 

effective species). For the majority of samples there was no difference between both groups. The 

divergent means were primarily due to a few outliers with higher values for non-WGA samples. 

Without these outliers, there was no significant difference between the two groups. These 

findings suggest that 1) WGA negatively impacts repertoire diversity and 2) this effect is most 

evident for samples with a diverse repertoire. 
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When visualizing repertoire diversity by plotting junctional amino acid length against 

clonotype abundance, the non-WGA treated samples were more likely to follow a normal 

distribution and had more clonotypes per amino acid length as indicated by more clonotype 

slices per bar (Figure 2-27). In addition, identical clones were more frequently seen in both 

replicates for non-WGA treated samples. (Figure 2-27). Finally, WGA-treated samples showed 

higher percentages per clonotypes than non-WGA treated samples, suggesting that WGA 

resulted in the disproportionate amplification of fewer clones. 

2.2.7 Effect of sample fraction on immune repertoire sequencing  

To assess whether ca or cf DNA was better suited for immune repertoire sequencing, 

CSF samples were fractionated, and immune repertoires were sequenced separately for both 

fractions. Given that WGA was shown to negatively impact immune repertoire diversity, this 

analysis was confined to samples that did not undergo WGA. 

Read counts 

For both raw and usable read counts, there was no significant difference between both 

types of fractions (p-value > 0.05). The mean for raw read counts was 70,581 reads (4 – 628, 636 

reads) for the ca fraction and 74,001 (50 – 424, 654 reads) for the cf fraction (Figure 2-28). The 

mean for the usable read counts was 29,214 reads (0 – 318, 398 reads) for the ca fraction and 

32,282 (20 - 280719 reads) for the cf fraction (Figure 2-29). Most samples had similar raw and 

usable read counts for both sample fractions. 

Clonotype counts 

On average, the clonotype count did not differ significantly between the ca and cf CSF 

fractions (p-value > 0.05) (Figure 2-30). The mean clonotype count for the ca fraction was 446 

clonotypes (0 – 2, 570 clonotypes) and 463 clonotypes (5 – 4, 144 clonotypes) for the cf fraction. 

When stratifying counts by sample, there were no significant differences seen between the 

fraction types for the majority of samples.  
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Clonotype diversity 

On average, the two CSF fractions did not differ significantly in regard to the Shannon 

index representing clonotype diversity (Figure 2-31). The mean Shannon diversity for the ca and 

cf fractions was 3.30 (0 - 6.95) and 3.45(1.175 - 7.023), respectively. The lack of significant 

differences between the two fractions was also true for the effective species count (p-value > 

0.05) (Figure 2-32). The mean effective species counts were 135.851 species (1 - 1038.88 

species) for the ca fraction and 111.198 species (3.239 - 1122.127) for the cf fraction.  

2.2.8 Predictors of sequencing success 

One objective of this study was to identify sample characteristics that could reliably 

predict whether immune repertoires can be sequenced from a given sample. To identify potential 

predictor variables, sample characteristics were correlated to sequencing metrics. CSF sample 

characteristics included total cell count, lymphocyte count and DNA yield. Sequencing metric 

variables included the read count, clonotype count, diversity index and the effective species 

count. 

Correlation between clinicopathologic variables and sequencing metrics 

First, the predictive value of the clinicopathologic variables lymphocyte count and total 

cell count was assessed. Since immune profiling targets lymphocyte specific gene sequences, it 

was hypothesized that lymphocyte count would provide a more accurate prediction than total cell 

count. Indeed, the only clinicopathologic variable that correlated with sequencing metrics was 

the lymphocyte count. There was a moderate positive correlation between lymphocyte count and 

raw read count (r2 = 0.59, p-value < 0.05). The ca fraction had a correlation of r2 = 0.74 and the 

cf fraction had a correlation of r2 = 0.41. A similar correlation was seen between lymphocyte 

count and usable read count r2= 0.50, p-value <0.05). The ca fraction had a correlation of r2 = 

0.72 and the cf fraction had a correlation of r2 = 0.29. The correlations for both types of read 

counts were lowered by the cf fraction values (Figure 2-33).  
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A correlation was also seen for the estimated hemocytometer lymphocyte count and read 

count (raw and usable), which was calculated using the hemocytometer total cell count and the 

cytospin cell differential lymphocyte percentage (raw reads: r2 = 0.59, usable reads: r2 = 0.50).  

The lymphocyte counts and clonotype count had a low positive correlation of r2 = 0.30 

(ca fraction r2 = 0.57, cf fraction r2 = 0.09). The correlation between the lymphocyte count and 

the Shannon diversity index was r2 = 0.37 ((ca fraction r2 = 0.49, cf fraction r2 = 0.22). There was 

no correlation between effective species count and the CSF analytes. 

Of note, total cell count did not correlate with any of the NGS metrics except for minor 

correlations with the ca fraction values. The highest correlations for total cell count and ca 

fraction NGS metrics included raw reads (r2 = 0.42), usable reads (r2 = 0.42), clonotype counts 

(r2 = 0.25), and Shannon diversity (r2 = 0.30). There were no correlations between the cf fraction 

NGS variables and the total cell count of the CSF samples sequenced.  

Correlation between DNA yield and sequencing metrics 

Next, we assessed if DNA yield could reliably predict whether immune repertoires can be 

sequenced from a given sample. It was hypothesized that the higher DNA yields, the higher the 

number of sequenced LAR genes. However, no significant correlation was seen between DNA 

yield and sequencing metrics, except for a minor positive correlation between DNA yield and 

read count (raw and usable reads) for the cf fraction (raw read: r2= 0.54, p-value<0.05, usable 

read: r2= 0.50, p-value < 0.05) (Figure 2-34). Low correlations were also seen between the 

cfDNA and clonotype count (r2= 0.34, p-value < 0.05), Shannon diversity (r2= 0.36, p-value < 

0.05), and effective species count (r2= 0.27, p-value < 0.05). For all NGS variables, cfDNA had 

higher correlation with read counts, clonotype counts, Shannon diversity, and effective species 

count than the caDNA. The correlation between the caDNA and the NGS variables were less 

than r2 = 0.25, the majority was below r2 = 0.05.  
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2.2.9 Predictor variables ranges 

To determine the odds of sequencing success from CSF, the 18 sequenced CSF samples 

were subjectively categorized into three groups based on the abundance of sequence data they 

generated: 1) samples that yielded inadequate sequence data, 2) samples that yielded moderate 

amounts of sequence data, and 3) samples that yielded ideal sequence data. The criteria for ideal 

sequencing data were large read and clonotype counts and high repertoire diversity. Sequencing 

data were considered inadequate with little to no clonal curve, low read counts and low diversity, 

while sequencing data were considered moderate if midway between the two categories.  

Based on the visual assessment of the size distribution of antigen receptor genes, 4/18 

(22%) samples yielded inadequate sequence data, 7/18 (39%) samples yielded moderate 

sequence data, and 7/18 (39%) samples yielded ideal sequence data. When plotting the Shannon 

diversity index against usable read count, the majority of samples with good NGS data had both 

high read counts and high diversity (Figure 2-35). Based on this graph, it was evident that 

samples with read counts above 1000 had decent sequencing results, sample below 100 reads had 

bad sequencing results, and samples with read counts between 100-1000 reads had results 

considered good or bad depending on context.  

Since lymphocyte count is routinely assessed as part of the cell differential by cytospin 

and since it was shown to be a potential predictor variable for sequencing success, the probability 

of sequencing success was calculated based on the lymphocyte abundance of each CSF sample 

using the categories defined above. There was a 0% (0/24) probability that samples with a 

cytospin count of less than 50 cells will produce adequate sequencing results, there is a 100% 

(12/12) chance for cell counts from 50-100 cells and an 80% (16/20) chance for samples with 

lymphocyte counts from 100 -200 cells (Figure 2-36) . Since cytospin cell count had a maximum 

count of 200, the probability of sequencing success was also calculated for both the predicted 

cytospin lymphocyte count and the estimated hemocytometer lymphocyte count.  

The probabilities for sequencing success using predicted cytospin lymphocyte counts 

showed a 40% (16/40) chance of sequencing success with a lymphocyte count of 0 -100 cells, a 

50 % (4/8) chance with a lymphocyte count of 100-1000 cells and a 100 % (8/8) chance for 
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samples with a lymphocyte count above 1000 cells (Figure 2-37). The sequence probabilities that 

were established from the estimated lymphocyte hemocytometer count was seen to be 40% 

(16/40) for samples below 10 lymphocytes/µL, 50 % (4/8) for samples from 10 -100 

lymphocytes/µL, and 100% (8/8) for samples with above 100 lymphocytes/µL (Figure 2-38). It 

should be noted that the probabilities by predicted cytospin count and estimated hemocytometer 

count are the same. Based on the similarities in probabilities for these two predicted lymphocyte 

calculation methods either method can be used to estimate the chance of successfully sequencing 

a CSF sample.  

2.3 Discussion 

Central nervous system diseases in dogs can be challenging to diagnose due to non-specific 

clinical findings. This is a concern as CNS diseases can result in serious impairment and even 

death. However, appropriate treatment and accurate prognostication rely on a definite prognosis. 

An antemortem definitive diagnosis can be attempted by CNS tissue biopsies but this procedure 

is associated with a high patient risk and a high procedural cost5,16,27,28,37. Most CNS diseases in 

dogs hence require a postmortem histopathologic examination to obtain a definitive 

diagnosis16,36,38. Unfortunately, a postmortem diagnosis does not help to inform treatment 

decisions. Therefore, novel diagnostic approaches are required. Immune profiling characterizes 

‘immune signatures’ by next-generation sequencing (NGS) of LAR gene repertoires79,81,87,91. 

Applying immune profiling to investigate CNS diseases in dogs might have potential as a new 

antemortem diagnostic tool. The most readily available CNS sample is CSF, which is routinely 

collected as part of a neurologic work-up. Unfortunately, the collected volume is usually small 

and the cellularity low8,13,108. Immune repertoire sequencing from CSF has not been done in 

dogs. Consequently, basic data regarding minimum sample characteristics and methodological 

details are lacking.  

This study established a methodology for immune profiling of CSF from dogs with 

neurological disease. More specifically, this study demonstrated that immune profiling on canine 

CSF is feasible and identified sample characteristics that could reliably predict whether immune 

repertoires could be sequenced from a CSF sample.  Given the lack of historical data, we did not 
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implement any inclusion restrictions other than dogs had to present with neurologic symptoms. 

This approach ensured that potentially informative samples were not excluded. However, this 

also meant that effort and money was spent on samples that held no or limited information 

regarding immune repertoires. Future studies will likely utilize more narrow inclusion criteria 

based on the observations of this study.  

To allow future predictions regarding which CSF samples might be suitable for immune 

profiling, we aimed to comprehensively characterize the samples. One challenge in 

characterizing the range of CNS diseases from which patients suffered was the fact that the 

working clinical diagnosis for a canine with CNS diseases is commonly the first of a 

heterogeneous list of tentative differential diagnoses rather than a confirmed definitive diagnosis. 

The spread of differential diagnosis across disease categories can be used as an indirect indicator 

of the certainty of clinical diagnoses. Approximately, one quarter (24%) of CSF samples 

included differential diagnosis within multiple disease categories. Samples that were diagnosed 

into one category made up 76% of the total cohort. Of note, several disease categories included 

diseases with a heterogeneous etiology. For example, the inflammatory disease category 

included infectious causes such as canine distemper virus as well as presumed immune-mediated 

or idiopathic causes such as SRMA or MUE, which includes the entities NME, NLE and GME. 

This means that the working diagnosis in cases with a single disease category are not as 

unambiguous as the classification might suggest. 

Out of 188 collected CSF samples, only 15 had a definitive diagnosis based on 

postmortem histopathologic examination. The majority of these samples were diagnosed with 

inflammatory diseases, the second most abundant diagnosis was neoplasia. Out of the 7 diseases 

diagnosed with an inflammatory disease 4 were diagnosed as immune mediated, 2 were 

diagnosed as infectious cause and for 1 case the cause of inflammation was unknown. If these 

samples were treated with an inappropriate treatment based on an inaccurate working clinical 

diagnosis than prognosis and survival time could have been affected. This shows how important 

a definitive antemortem diagnosis is for treatment and the need for a new antemortem diagnostic 

tool.  
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Total cell count is a major indicator for diagnosing inflammation10,13,15. CSF from healthy 

dogs generally has less than 5 nucleated cells per µL (5 x109 cells/L)8,13,108,110. Based on 

hemocytometer cell counts, 76 % of samples analysed in this study had normal cell counts. 

Normal cell counts can be seen in dogs with signs of neurologic disease20,48,108. Therefore, other 

CSF characteristics must be taken into consideration when establishing a working clinical 

diagnosis. Fourteen percent of the samples with normal cell count had elevated protein 

concentrations, which is referred to as albuminocytologic dissociation. An increase in protein 

concentration in the CSF is considered a non-specific indicator of CNS disease16. Based on 

hemocytometer cell count, only 24% of the samples were considered to have an elevated cell 

count. As expected, high cell counts were more commonly observed in dogs with a working 

diagnosis of inflammatory CNS disease. The association of high cell counts and a working 

diagnosis of inflammatory disease highlights the fact that CSF findings are an important 

component of the working clinical diagnosis. Conversely, normal total cell counts do not rule out 

CNS disease as the cause of neurologic problems.  

The CSF cell differential determines the relative abundance of each immune cell type 

present in a CSF sample and is used to characterize the type of inflammation. CSF from healthy 

dogs without CNS disease should be clear, colourless and composed mostly of small and large 

mononuclear cells (lymphocytes and macrophages) with less than 10% neutrophils and less than 

1% eosinophils8,13,20,108. Based on these criteria, 35% of the CSF samples with cytologic 

assessment were considered normal, which is lower than the percentage of normal samples with 

elevated total cell count.  

Based on the reference ranges for pleocytosis, 35/164 (21%) CSF samples had elevated 

cell counts. Out of these cases, 18/164 (11%) were classified as neutrophilic, 16/164 (10%) as 

mononuclear and 1/164 (0.6%) as eosinophilic. For our sample cohort, there was no obvious 

association between the cell differential by the immune cell’s percent composition and the 

tentative CNS disease diagnosis.  

It should be noted that one limitation of this study is that the cell differential can differ 

from the actual number of immune cells as a delay in sample processing can alter cell counts 
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even when preservative agents are used13. Cells present in CSF undergo cell lysis within a couple 

hours after sampling13,66,123,124. This can cause inaccurate cell differential counts if samples are 

not processed immediately.  

Since this study targeted the LAR found on lymphocytes, the lymphocyte count 

determined by the cell differential was of great interest. The mean lymphocyte abundance was 

0.88 cells/µL ranging from 0.00 to 19.63 cells/µL with the highest lymphocyte counts associated 

with patients diagnosed with diseases that fell under the inflammatory disease category. As 

expected, this pattern follows the literature of an increase in lymphocytes being an indicator of 

an inflammatory process8,13. This is a promising result for using immune profiling on CSF to 

diagnose inflammatory canine CNS diseases since the presence of larger amounts of 

lymphocytes will allow for the capturing of diverse immune repertoires. 

Iatrogenic introduction of circulating lymphocytes into the CSF by hemorrhage during 

the sampling process could theoretically dilute CSF-specific immune profiles and introduce non-

CSF-specific lymphocytes. As hemorrhage is a common occurrence during sampling, it is 

important to gauge its potential effect on LAR repertoire sequencing. Therefore, the magnitude 

of hemorrhage in CSF samples was assessed by three different methods, namely RBC count, 

cytologic diagnosis of hemorrhage and a visual assessment of the pellet after sample separation.  

The most objective and standardized method was the enumeration of red blood cells. The 

RBC count ranged from 0.00 x109 -to 75.4 x109 cells/L with a mean of 1.30 x109 cells/L. The 

RBC counts showed two outliers with high RBC values (RBC > 60 x109 cells /L) compared to 

all other samples (RBC < 5 x109 cells/L), the overall median being 0.008 x109 cells/L. Normal 

CSF should have no RBCs. An increase in RBC numbers or RBC breakdown products can be 

caused by the collection process of a spinal tap, which is generally associated with some degree 

of RBC contamination, or pathologic processes8,13,108,110. Blood is composed primarily of 

erythrocytes and approximately 1 % leukocytes12. The degree to which CSF cellularity is 

affected depends on the degree of RBC contamination8,13,108,110. Unfortunately, studies that 

attempted to quantify the effect of hemorrhage on CSF cellularity have yielded contradictory 

results8,13,108,110. One study showed that approximately one leukocyte is introduced with every 
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100 RBC entering the CSF125. Another study reported that counts of 250 - 1,500 RBCs/µL affect 

the total cell count and cell differential of CSF samples126. However, other studies have argued 

that RBC counts of up to 1,500 RBC/µL do not influence the total cell count and cell differential 

of CSF samples127,128. Instead, the high cell counts were interpreted as a sign of disease127. A 

proposed guideline is that samples with an RBC count of greater than 3000 cells/µL should be 

re-collected108. The general rule to account for the effect on the leukocyte count from blood 

contamination in CSF for dogs is that 500 RBC/µL corresponds to 1 leukocyte/µL8. Samples 

with < 500 RBC/µL are considered to have no significant blood contamination129. Therefore, 

clinical judgement of the significance of RBCs present in a CSF sample has been considered 

more meaningful than a statistical reference13. For our study a high positive correlation was seen 

between RBC count and the cellularity of the CSF samples (total cell count) with a r2= 0.75, p-

value <0.05 indicating that RBC contamination can affect the cellularity of a CSF sample. 

Therefore, the first criterion for the evidence of hemorrhage was RBC count. Based on this 

criterion 4/188 (2%) have evidence of hemorrhage.  

The second method used to assess hemorrhage was the clinicopathologic assessment of 

cytospin slides performed by a clinical pathologist. Evidence of hemorrhage was mentioned in 

26/188 (14%) of cases. As this is based on the subjective judgement of each pathologist rather 

than a quantitative cell count, there is significant potential for inter-observer variability. 

Contrasting with the RBC counts, this method of determining evidence of hemorrhage had a 13 -

fold increase of diagnosing a sample with hemorrhage.  

The third method was the presence of a red pellet after centrifugation, which was seen in 

24/188 (13%) of samples. Of note, the pellet in most CSF samples was either invisible or too 

small to determine colour. Nevertheless, this method yielded one of the highest percentage of 

samples with hemorrhage. One explanation for the high prevalence of hemorrhage by this 

method could be variation between aliquots. Since small amounts of hemorrhage are often 

encountered during the collection process, a common practice is to collect the CSF into at least 

two tubes and to run the CSF analysis on the cleaner aliquot. For this study, RBC count and 

microscopic assessment were performed on the cleaner aliquot while the presence of a pellet was 

assessed on the less clean aliquot.  
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To avoid any chance of blood contamination affecting the results of immune repertoire 

sequencing, a more stringent definition of hemorrhage was established for the purpose of this 

study. Samples were considered to have evidence of hemorrhage if at least 2 of the 3 methods 

indicated hemorrhage. Based on this definition, 8 CSF samples had evidence of hemorrhage. If 

these samples were included in the data analysis, there was a positive correlation between RBC 

count and total cell count, which was lost when these samples were excluded. These findings 

suggest 1) that blood contamination can have a significant effect on CSF cell count and 2) that 

these samples primarily contained blood leucocytes rather than CSF leukocytes. To ensure that 

CSF-specific immune repertoires are sequenced, exclusion of samples with high RBC count 

seems advisable. 

Since the presence of hemorrhage in CSF can be a non-specific indicator of an increase in 

immune cells cellularity, aside from its impact on total cell count, the effect of hemorrhage on 

DNA yield was investigated. RBCs are not nucleated and will therefore not affect DNA 

extraction yields. However, leukocytes do contain DNA, which means that significant numbers 

of leukocytes entering the CSF will affect the cellularity of the sample and might hence sway 

DNA yields. Supporting this notion is the moderate correlation seen between RBC count and 

caDNA yield (r2= 0.56, p-value < 0.05). There was no correlation between RBC count and 

cfDNA or lymphocyte abundance. The removal of the identified 8 samples with evidence of 

hemorrhage showed no correlations between RBC count and DNA yield. 

Studies investigating CNS diseases in humans have shown that lesional immune 

repertoires are more similar to the CSF repertoires than the immune repertoire found in the 

blood71,82,130. It is believed that CNS diseases might trigger local expansion of lymphocytes130. 

As the current study investigated CNS-specific immune repertoires, exclusion of samples with 

evidence of significant hemorrhage seemed advisable. However, a definite assessment of the 

effect of hemorrhage on immune repertoire sequencing in CNS diseases of dogs would require a 

paired analysis of repertoires in blood and CSF at a significantly higher sequencing depth.  

To reduce cell lysis during storage, small amounts of autologous serum or FBS can be 

added to CSF samples8,54,66,123,129. The addition of autologous serum or FBS has been shown to 
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increase CSF cell preservation by over 24 hours54,123,129. FBS is depleted of cells but still 

contains nutrients pertinent for cell survival. The Animal Health Laboratory routinely adds FBS 

to CSF at a 50:50 ratio and FBS is hence present in a small subset of CSF samples from this 

study. Consequently, it is theoretically possible that bovine cfDNA is co-extracted with canine 

cfDNA. Furthermore, since LAR genes share a high homology across species, it is possible that 

bovine LAR genes are amplified by canine primer sets and sequenced. To gauge the effect of 

added FBS on DNA yields, FBS was spiked into water in concentrations comparable those seen 

in CSF samples. Low but constant DNA yields were found using the cf DNA extraction kit 

regardless of the degree of FBS dilution. These results suggest that 1) FBS does not contain 

significant amounts of DNA and that 2) the Qubit quantification method is reading something 

other than the added FBS. If FBS contained measurable amounts of DNA, there should be a high 

positive correlation between FBS quantity and DNA yield. Given the similar quantification 

results for all FBS dilutions including molecular grade water, the risk of bovine LAR gene 

contamination is likely negligible. These results indicate that either the molecular free water was 

contaminated or one of the DNA extraction kit reagents was interfering with DNA yield 

quantification. 

To identify the source of positive DNA quantification results in the previous experiment, 

we examined the extraction kits in more detail. One of the reagents added during DNA extraction 

is carrier RNA. Based on the manufacturer’s protocol, the addition of carrier nucleic acids 

increases the yield of extracted DNA from samples with low DNA concentration131. However, 

carrier RNA is co-purified with DNA and hence present in the final eluate (Qiagen, CA). RNA 

contamination was not expected to be a problem as all samples were quantified by fluorometry 

using the Qubit dsDNA Assay Kit. As per the manufacturer, the kit is highly selective for 

double-stranded DNA over RNA. However, when comparing extraction yields from molecular 

grade water with and without carrier RNA, the results indicated that carrier RNA was in fact 

being detected by the Qubit quantification method. Interestingly, carrier RNA was only detected 

using the Circulating Nucleic Acid Kit but not the Qiagen Micro Kit DNA extraction kit. Of 

note, carrier RNA is added to the Micro Kit at approximately 1/5 of the amount added to the 

Circulating Nucleic Acid Kit (Micro Kit: 1 µL/sample, Circulating Nucleic Acid Kit: 5.6 
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µL/sample). Consequently, the fact that carrier RNA was only detected by one kit likely reflects 

different RNA spiking amounts rather than a differential RNA selectivity of the kits. The amount 

of carrier RNA used in the Micro kit is probably below the detection limit of the Qubit assay. 

Unfortunately, these results question the validity of low DNA yield readings from samples that 

were DNA extracted using the Circulating Nucleic Acid Kit. Out of 122 samples that were 

extracted using the Qiagen Circulating Nucleic Acid Kit, 36% yielded quantification values 

below that of molecular water with added carrier RNA. Therefore, any DNA yield results below 

0.23 ng/µL using the Circulating Nucleic Acid Kit should be considered as not reflective of the 

true DNA concentration. Additionally, result above this threshold may be falsely elevated, albeit 

at low levels. Quantification results for this kit should be normalized based on the quantification 

results of carrier RNA. 

A pitfall of CSF for immune repertoire sequencing is its low cellularity13. Insufficient 

DNA recovery might result in reduced repertoire diversity during immune profiling. Indeed, 

DNA yields prior to WGA treatment were well below the normal PCR input concentration of 

10ng/µL that is used in the authors’ laboratory. To mitigate this issue, the utility of WGA as a 

means to increase DNA quantities was investigated. Whole genome amplification generates large 

amounts of DNA from single cells or low amounts of purified DNA and many studies have 

utilized WGA to generate sufficient DNA for genetic testing72,132,133. Several different methods 

for WGA amplification exist. A commonly used WGA method is multiple displacement 

amplification, which uses an isothermal polymerase reaction as opposed to a PCR reaction using 

a DNA polymerase with various annealing temperatures132–134. This method is considered to 

have the most complete coverage and least biased amplification while generating long DNA 

products (max: 100 kb, mean: 12 kb)132,133,135,136. In our study, the comparison of input vs. output 

DNA quantities showed that WGA did significantly increase DNA quantities by about 2,000 -

fold, from below 10 ng to approximately 20 - 40 μg. This is in line with previous studies, which 

used WGA to increase DNA quantities up to 40 μg 132,133,135–139. Notably, the fold increase 

depends on the starting DNA concentration as the DNA output is generally between 20 - 40 μg 

regardless of input DNA133,135. The smaller the input DNA concentration the larger the fold 

increase. However, a higher fold increase has been shown to cause higher amplification 
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bias132,133,135,137,139. Reasons for amplification bias are template length, template accessibility 

(secondary structures) and GC content132,135. Amplification bias is a concern if the precise 

number of DNA species in a sample need to be quantified133,138. Since immune repertoire 

sequencing takes into account the relative abundance of clonotypes, amplification bias is a 

concern for this application. Other potential concerns of using WGA, is the loss of genomic 

sequences or amplification errors. However, studies comparing different WGA methods have 

found that MDA has a comparatively low rate of sequence loss with an estimated 99 % genome 

coverage and an error rate of 3 errors per 10^6 bp133–136. 

To assess how WGA treatment would affect immune repertoire sequencing, WGA-

treated samples were sequenced alongside non-WGA treated samples. It was hypothesized that 

WGA-treated samples would have higher read counts and repertoire diversity than non-WGA-

treated samples. Overall, WGA samples did have a higher raw read count than non-WGA treated 

CSF samples but there was no difference with respect to usable reads between both groups. For 

the purpose of this study, usable reads were defined as sequences in which both, a V and a J 

gene, could be identified. These findings suggest that WGA resulted in a higher rate of non-

specific amplification during the PCR step that amplifies LAR gene sequences than non-WGA 

treated samples. Unspecific amplification is non-desirable as it reduces the number of reads 

available for LAR gene sequencing.  

While usable reads reveal the ratio of specific to unspecific products, this metric is not 

suited to identify amplification bias. Given the large fold increase seen for WGA-treated 

samples, amplification bias was a real concern132,133,135,137,139. The simplest metric that can 

identify amplification bias is clonotype count, i.e. the number of unique junctional amino acid 

sequences found in a given sample. Ideally, we would have expected that WGA treated samples 

had greater clonotype counts than non-WGA treated samples due to the higher amounts of input 

DNA for the PCR reaction. However, our results showed that non-WGA samples had on average 

more unique clonotypes than their WGA treated counterparts. These findings suggest that, while 

WGA treated samples may have similar number of read counts, they have a reduced diversity 

and a bias towards overamplification of specific clonotypes.  
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This notion was further supported by two other diversity indexes, the Shannon diversity 

and the effective species count. In addition to the total number of unique clonotypes, these 

indexes take into consideration the relative abundance of each clonotype. Samples not treated 

with WGA had on average higher Shannon diversity and effective species values than WGA 

treated samples.  

Finally, the observation that non-WGA samples had more diverse immune repertoires 

than the WGA treated samples was also supported by the ‘length vs. clonotype’ graphs, which 

plot the amino acid length of each junctional region against the clonotype percentage in each 

sample. In polyclonal samples, the contour of each curve should follow a normal distribution, 

each bar should contain many clonotypes and dominant clonotypes should occur in both 

replicates. Polyclonal activation refers to the stimulation of lymphocytes in response to antigen 

stimulation12,86 and is part of the normal immune response to create a large clonotype diversity86. 

However, in most cases where a polyclonal curve was seen for non-WGA treated sample, the 

WGA treated samples showed a haphazard distribution of clonotypes. In addition, the WGA 

treated samples were commonly made up of few clonotypes that occurred at a high percentage 

and clonotypes were not reproducible between replicates. Of note, the majority of samples had 

low clonotypes counts for both, the non-WGA and the WGA treated samples. High clonotype 

counts were only seen in non-WGA treated samples, which showed classical polyclonal curves 

with highly diverse clonotype repertoires.  

In conclusion, WGA did result in higher raw read counts but lower clonotype counts and 

diversity index values. This indicated that WGA had amplification bias resulting in 

overrepresentation of specific clonotypes. Together, these findings suggest that the use of WGA 

to sequence immune repertoires from canine CSF does not offer any advantages over the WGA-

free protocol. For samples with high repertoire diversity, WGA might even be detrimental to 

immune profiling. 

A previous study in humans investigated the use of WGA on CSF to diagnose MS in 

humans72. The study looked at specific clonotypes associated with MS and therefore used WGA 

to amplify the specific clonotypes of interest, that is, the amplification bias of a specific 
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clonotype was desirable. Conversely, studies that focus on determining the precise amounts of 

targeted DNA species present in a sample are not known to benefit from WGA specifically in the 

regard to amplification bias133,138.  

A second aim of this study was to compare the suitability of caDNA and cfDNA for 

immune profiling of CSF samples. As pointed out previously, one pitfall of CSF for molecular 

analyses is its low cellularity, which generally translates into low nucleic acid yields13. This 

pitfall can be further aggravated by the fact that the cf fraction is often discarded. However, the 

cf fraction of CSF might contain valuable DNA, either as a consequence of inflammation in-vivo 

or because of prolonged storage in-vitro. Cells can undergo lysis within a few hours after 

sampling, which shifts DNA from an intra- to an extracellular location13,66,76,123,124,140,141. This 

cell lysis can increase the amount of cfDNA found in the supernatant in addition to the already 

present cfDNA from inflammatory processes. Under physiologic conditions, the cfDNA is 

removed by phagocytic cells76,142. Under pathologic conditions such as inflammation, phagocytic 

cells can be overwhelmed and cfDNA accumulates in various bodily fluids including 

CSF74,76,143–145. Studies have hence suggested an association between inflammation and cfDNA 

levels and investigated the use of cfDNA for diagnosing disease74–76,140,146,147. 

Given these data, we hypothesized that the cell-associated and cf fractions of CSF would 

yield similar amounts of DNA. Our results showed that the ca fraction and the cf fractions DNA 

yields were not statistically significant. As expected, cell count was positively correlated with 

DNA yield of both, the ca and the cf fractions (ca: r2 = 0.85, cf: r2 = 0.51), this means that 

samples with a high cell count are potentially better suited for immune profiling than samples 

with lower DNA yields. However, a pitfall of using DNA yield and total cell count as predictors 

of sample suitability for immune profiling is that, only a fraction of the DNA may contain the 

specific DNA sequences that are required for immune profiling. Immune profiling specifically 

targets rearranged LAR genes, which are only present in lymphocytes79,81,87,91. The presence of 

LAR genes in a sample hence relies on the abundance of lymphocytes. A sample can have a high 

cell count and high DNA yield but a low lymphocyte count. 
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When comparing DNA yields and predicted lymphocyte abundance for both CSF 

fractions, both variables only had a low correlation. This suggests that samples with a high DNA 

yield may not contain high amounts of LAR gene DNA in a sample. Samples with high 

cellularity and high DNA yield may primarily contain non-lymphoid cells such as monocytes or 

neutrophils8. Therefore, DNA yield by itself is not an ideal indicator on whether immune 

repertoires can be sequenced from a given sample. 

A confounding factor of comparing caDNA vs. cfDNA yields in CSF is that cells can lyse 

within hours after sampling13,66,123,124. For this study, the interval between CSF sampling and 

processing ranged from 1 – 61 days with a mean of 5 days. It is hence likely that a fraction of 

what was measured as cfDNA was in fact caDNA released from the nuclei of lysed cells. 

Unfortunately, it was not possible to determine the impact of released caDNA on the DNA yield 

of the cfDNA fraction.  

Next, we assessed the suitability of cfDNA vs. caDNA for immune profiling by 

examining sequencing metrics. The ca and cf fractions from 18 CSF samples were sequenced in 

parallel and in duplicate for a total of 72 reactions. As seen with DNA yields, there was no 

difference in the amount of raw and usable reads for either CSF fraction. For samples that 

produced sufficient reads for the analysis of repertoire diversity, there was no significant 

difference between the two fractions for clonotype count, clonotype diversity, and the effective 

species count. Therefore, both fractions have the potential to be used for immune profiling. 

Based on the DNA yields of each fraction, almost half of a sample’s DNA can be found in the cf 

fraction. Furthermore, the cf fraction was shown to produce similar amounts of sequencing data 

as the ca fraction. Therefore, discarding the cf fraction can result in loss of repertoire 

information. To maximize DNA recovery, it hence seems advisable to use the entire CSF sample 

without prior separation. Currently, both CSF fractions are DNA extracted separately using 

separate kits. The ca fraction is DNA extracted using the Qiagen Micro Kit (Qiagen, CA) and the 

cf fraction is DNA extracted using the Qiagen Circulating Nucleic Acid Kit (Qiagen, CA). The 

Micro kit can extract DNA from 20 - 100 µL, takes half the time (~ 1h) to run and is 4 times 

cheaper than the Circulating Nucleic Acid Kit which DNA extracts from 100 – 3000 µL. 

However, saving on price by using the Micro kit means losing approximately half the available 
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DNA, potentially diminishing the chances to sequence important immune repertoire information 

downstream. Based on estimations from Qiagen, the cost to extract one CSF sample would be 

$6.50 using the Micro kit and $26.00 using the Qiagen Circulating Nucleic Acid Kit. Looking at 

the whole protocol, this cost is negligible compared to the cost of sequencing. Therefore, it is 

still advisable to use the more expensive kit to increase the overall DNA recovery to maximize 

the chance for successful sequencing results.  

To identify variables that might predict whether LAR genes can be sequenced from a 

given CSF sample, clinicopathologic variables and DNA yield were compared against read count 

and diversity indexes. Since immune profiling specifically targets rearranged LAR genes, 

lymphocyte abundance would in theory have the greatest potential as a predictor variable. 

Indeed, lymphocyte abundance was the only clinicopathologic variable that correlated with 

sequencing results. Lymphocyte abundance was correlated with raw and usable read counts for 

both the ca fraction and the cf fraction. In addition, lymphocyte abundance was moderately 

correlated with clonotype count and repertoire diversity for the ca fraction. In contrast, DNA 

yields did not correlate with any of the sequencing variables. Based on these observations, 

lymphocyte abundance has the greatest potential as a predictor variable.  

To estimate the probability of sequencing success based on a sample’s lymphocyte count, 

we calculated the proportion of successful over unsuccessful sequencing runs for different ranges 

of cytospin lymphocyte count, predicted cytospin lymphocyte count, and the estimated 

hemocytometer lymphocyte count. For cytospin counts, the probability of sequencing success 

was 0% for cytospin counts of less than 50 lymphocytes, 100% for cytospin counts between 50 – 

100 lymphocytes, and 80% for cytospin counts between 100 - 200 lymphocytes. The advantage 

of cytospin lymphocyte counts is that they are readily available from the cytology report. The 

disadvantage of cytospin lymphocyte counts is that cytospin counts max out at 200 cells and are 

hence inaccurate for high yield samples.  

Given the shortfall of cytospin counts for cellular samples, we investigated the utility of 

predicted lymphocyte cytospin count and estimated hemocytometer lymphocyte count for 

estimating the probability of sequencing success. The predicted lymphocyte cytospin count was 
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calculated by extrapolating the lymphocyte count for highly cellular samples with counts of 200 

using a regression analysis based on low cellularity samples and the hemocytometer cell counts. 

The estimated lymphocyte hemocytometer count was calculated by multiplying the 

hemocytometer cell count and the cytospin lymphocyte percentage. For both variables a linear 

relationship between lymphocyte count and sequencing success was observed ranging from 40% 

for low lymphocyte numbers to 50% for moderate numbers and 100% for high numbers of 

lymphocytes. These results suggest that both variables are reasonable predictors of sequencing 

success and provide sufficient information for an informed decision regarding whether or not to 

perform immune profiling. When comparing the two predicted lymphocyte counts based on their 

ease of use, the estimated lymphocyte hemocytometer count is the more straightforward variable 

since it can be readily calculated from the information available in a routine CSF cytology report. 

The predicted lymphocyte cytospin count, in contrast, involves a regression analysis based off a 

larger cohort of samples.  

There are several reasons why samples with presumably adequate lymphocyte counts may 

not yield adequate sequencing results. First, cytospin counts are imprecise within a sample. A 

study investigating the reproducibility of cytospin cell counts and cell differentials has shown 

that the cytospin count to be imprecise when comparing cytospins produced from aliquots from 

the same source sample54. Second, delays in CSF processing can affect cell count and cell 

differential, even when preservative agents are used13,54,123. This is due to cell lysis that can occur 

within a few hours after sampling13,54,66,123,124. Third, there can be interpretation error caused by 

having different clinical pathologists performing the cell differential. Each pathologist could 

have a different method of counting and interpreting the cytospin. Lastly, discrepancies may 

arise due to differences between two CSF aliquots that are collected sequentially54. In this study, 

one aliquot was used for the routine CSF analysis while the other was processed and sequenced. 

2.4 Conclusion  

This study established and optimized the workflow for immune profiling of CSF from 

dogs. Our results indicate that both, cell-associated and cell-free CSF fractions harbor valuable 

repertoire information and that ideally both CSF fractions should be used to comprehensively 
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capture immune repertoires. The use of whole genome amplification does not benefit immune 

repertoire sequencing and might even result in amplification bias and lower repertoire diversity 

compared to non-WGA-based library preparation. Lymphocyte count was a good predictor of 

sequencing success while total cell count was not. Immune repertoire sequencing was successful 

in CSF samples with moderate to high lymphocyte counts. These findings provide the basis to 

assess the utility of immune repertoire profiling as an adjunct tool to diagnose CNS diseases on 

larger sample numbers.  
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2.5 Figures and tables 

Table 2-1. DNA yields quantification readings for fetal bovine serum at different dilutions 

Extraction.run FBS.dilution DNA.yield 

1a 5x 0.129 
1a 5x 0.275 
1a 15x 0.238 
1a 15x 0.257 
1a 25x 0.218 
1a 25x 0.271 
1b 5x 0.17 

1b 5x 0.269 

1b 15x 0 

1b 15x 0.295 

1b 25x 0 

1b 25x 0 

1c 5x 0.097 

1c 5x 0.372 

1c 15x 0.204 

1c 15x 0.379 

1c 25x 0.229 

1c 25x 0.218 

2 water 0.186 

2 water 0.299 

2 5x 0.088 

2 5x 0.282 

2 100x 0.296 

2 100x 0.483 
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Table 2-2. Working clinical diagnoses disease categories 

Clinical diagnoses 

Disease category Working clinical diagnoses in dataset 

Degenerative 
Degenerative myelopathy, radiculopathy, discospondylosis, disc 
herniation, retinal degeneration, spondylomyelopathy, intervertebral disc 
herniation (IVDH), lumbosacral disease 

Epilepsy Genetic epilepsy and idiopathic epilepsy, tiers I-III 

Inflammatory 

Idiopathic ("immune-mediated" or "cause unknown"), infectious (bacterial, 
viral, fungal), immune-mediated, meningoencephalitis of unknown 
aetiology (MUE), granulomatous meningoencephalitis (GME), 
nonsuppurative meningoencephalomyelitis, steroid responsive meningitis-
arteritis (SRMA), post vaccinal meningomyelitis, meningitis, 
encephalomyelitis 

Ischemic Fibrocartilagenous embolus, thoracolumbar fibrocartilaginous embolic 
myelopathy, infarct, stroke,  

Malformation Chiari Malformation - Caudal Occipital Malformation Syndrome,spinal 
arachnoid diverticulum 

Metabolic 
Hyperosmolar hyperglycemic state, epilepsy secondary to hepatopathy 

Neoplastic Glioma, meningioma, nerve sheath tumor, neoplasia 
Traumatic Nerve injury, vertebral fracture, foreign body 

Miscellaneous  Vestibular disease/syndrome, and causes unknown/unclear, Lafora disease, 
shaker dog syndrome, Vestibular disease or syndrome 
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Figure 2-1. The CSF samples through the preparation steps for sequencing 

A flowchart representing a single CSF sample’s progress through the different steps for sequencing 
preparation.  
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Figure 2-2. CSF sampling by month 

Bar graph of the number of CSF samples processed each month over the 29-month sampling period. The 
maximum number of processed CSF samples per month was 13, the minimum was 0.  

 
Figure 2-3. Patient age and sex 

Scatterplot of the distribution of the patients' ages (years) categorized by sex (male or female, whether 
intact or neutered). The box-and-whisker plot overlay indicates the mean and upper and lower quartiles. 
Ages were evenly distributed with a mean of 6 years (range: 6 months to 14 years). There were no 
significant differences between females (F) and males (M). 
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Figure 2-4. Dog breeds by size 

Bar graph of the distribution of the study population by dog breed size. X-axis is the size of breed, y-axis 
is the number of dogs.  n = 134.  
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Figure 2-5. Dog breed frequency 

Histogram of the distributions of the study population by dog breed. X-axis is the frequency, y-axis is the 
dog breed. No specific breed was over-represented. The highest frequency was seen for mixed breeds of 
unknown sizes. n = 134.  
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Figure 2-6. Number of samples for each working clinical diagnosis disease category 

Histogram enumerating the sample count of clinical diagnoses within each disease category. X-axis is 
count of each disease category diagnosed, y-axis is the disease diagnosed. Each CSF sample can fall 
under one or more disease categories. Disease categories included inflammatory, degenerative, neoplastic, 
epilepsy, malformation ischemic, traumatic, and metabolic. The working clinical differential diagnoses 
commonly listed the inflammatory disease category as one of its diagnoses.  

 

Figure 2-7. The distribution of the working clinical diagnosis 

Histogram showing the tentative working clinical diagnosis for all CSF samples based on the CNS 
disease category. X-axis is in frequency, y-axis represents the working clinical diagnosis. Samples with a 
working diagnosis that fell under two or more disease categories were given a number representing the 
number of disease categories. X-axis is the frequency of the clinical diagnosis; y-axis is the clinical 
diagnosis. n = 134.  
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Figure 2-8. Hemocytometer cell count vs cytospin cell count 

The cell counts calculated by hemocytometer and cytospin count plotted against one another. X-axis is 
cytospin count cell counted from 200 µL of CSF sample, counts commonly stop at 200 cells. Y-axis is 
hemocytometer cell count in units of cells/L (x 10^9). The cytospin values of 200 cells skews the results 
with a correlation of r2 = 0.28. When low hemocytometer values (< 0.001 x 109 cells/L) and high cytospin 
values (> 200 cells) were removed from the dataset, the correlation increased to r2= 0.52. The majority of 
the samples with a cytospin of 200 fall under the inflammatory disease category.  
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Figure 2-9. Clinical diagnosis vs hemocytometer cell count 

The hemocytometer total nucleated cell counts plotted against the tentative working clinical diagnosis. X-
axis is the hemocytometer cell count in units of cells/L (x 10^9) and the y-axis is the working clinical 
diagnosis. Samples with a clinical diagnosis that fell under two or more disease categories were given a 
number representing the number of disease categories. CSF samples diagnosed with an inflammatory 
disease had the highest total nucleated cell counts by hemocytometer.  

 

Figure 2-10. Clinical diagnosis vs predicted cytospin cell counts 

The predicted cytospin cell counts plotted against the working clinical diagnosis. X-axis is the predicted 
cytospin cell count in the units of cells per 200 µL and the y-axis is the tentative working clinical 
diagnosis. Samples with a working diagnosis that fell under two or more disease categories were given a 
number representing the number of disease categories. CSF samples diagnosed with an inflammatory 
disease had the highest total nucleated cell counts by predicted cytospin cell counts. The predicted 
cytospin cell counts was calculated by regression analysis using the hemocytometer cell counts.  
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Figure 2-11. Cytospin cell differential  

The immune cell composition of each CSF sample. X-axis is the percentage of each immune cell type that 
comprises the total cell count of a CSF sample. Y-axis is sample submission number. Each graph is 
ordered by the specific immune cell’s percentage in decreasing order. Immune cells look at lymphs = 
lymphocyte, macs = macrophages, neuts = neutrophils, eos = eosinophils, mast = mast cells and other. n = 
124. 
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Figure 2-12. Clinical diagnosis vs the predicted lymphocyte counts by cytospin 

The predicted lymphocyte counts for each CSF sample against the working clinical diagnosis. X-axis is 
the predicted lymphocyte count in the units of lymphocyte/µL and y-axis is the working clinical 
diagnosis. Samples with a clinical diagnosis that fell under two or more disease categories were given a 
number representing the number of disease categories. CSF samples diagnosed with an inflammatory 
disease had on average the highest predicted lymphocyte counts. The predicted lymphocyte counts were 
calculated from the predicted cytospin cell counts and the cytospin cell differential percentages. n = 144.  
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Figure 2-13. Red blood cell counts 

Boxplot of the distribution of RBC count values 
among the CSF samples processed. Y-axis is in 
cells/L (x10^9). Outliers seen above 60 x109 
cells/L with a median of 0.008 x109 cells/L. (n = 
164). 

Figure 2-14. Red blood cells vs hemocytometer cell 
count 

Scatterplot of the RBC concentrations of the 
CSF samples against the CSF samples’ total 
nucleated cell count by hemocytometer cell 
count. X-axis and Y-axis is in cells/L (x10^9). 
RBC count and the hemocytometer total cell 
count has a relationship of r2= 0.75, p-value 
<0.05. (n = 164) 

 

 

 

 

Figure 2-15. Sampling interval 

Boxplot of the sampling interval between the 
time the CSF is sampled by spinal tap to the 
freezing of samples after fractionating. The box-
and-whisker plot overlay indicates the mean and 
upper and lower quartiles. Y-axis is the sampling 
interval as number of days. The mean was 5 
days (1-61 days). (n = 188). 
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Figure 2-16. Cell-associated and cell-free DNA 
yields for full sample cohort 

Boxplots of the DNA yields for the full cohort of 
DNA extracted samples with separated fractions 
(n = 124). X-axis is in ng/ul, y-axis is CSF 
fraction. The box-and-whisker plot overlay 
indicates the mean and upper and lower 
quartiles. Ca fraction had a mean of 0.53 ng/µL 
(0.00 - 15.20 ng/µL, median = 0.09 ng/µL) and 
cf fraction had a mean of 0.28 ng/µL (0.00 - 3.83 
ng/µL, median = 0.17 ng/µL).  

Figure 2-17. Cell-associated and cell-free DNA 
yields for sequenced CSF samples 

Boxplots of the DNA yields for the sequenced 
CSF separated samples by fraction. X-axis is in 
ng/ul, y-axis is CSF fraction. The box-and-
whisker plot overlay indicates the mean and 
upper and lower quartiles. Ca fraction had a 
mean of 0.62 ng/µL (0.00 - 7.4 ng/µL). The cf 
fraction had a mean of 0.43 ng/µL (0.00 - 1.27). 
p-value > 0.05, n = 18 for each fraction.  
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Figure 2-18. Fetal bovine contamination 

Bar graph of the amount of FBS found in each CSF sample taken from AHL. X-axis is the sample 
submission. Y-axis is the amount of FNS found in each sample as a dilution factor. The higher the 
dilution factor the less FBS found in the CSF sample. n = 41.  

 

Figure 2-19. DNA yields of different FBS dilutions 

The DNA yields of the extracted FBS in serial dilutions. X-axis represents the DNA extraction run and y-
axis is the DNA yield run (ng/µL). Run 1 had DNA results quantified 3 times to confirm results. No 
pattern seen regardless of serial dilution.  
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Figure 2-20. Hemocytometer cell count versus lymphocyte abundance (hemorrhage cases removed) 

Hemocytometer cell count plotted against the lymphocyte abundance with the CSF samples considered to 
have evidence of hemorrhage removed. n = 116, r2=0.79, p-value <0.05.  

 

Figure 2-21. The input and output DNA yields for whole genome amplification 

Boxplot of the input and output DNA yields from the WGA protocol. The box-and-whisker plot overlay 
indicates the mean and upper and lower quartiles.  Input DNA yield of 0.48 ng/µL (0.07- 1.42 ng/µL) 
compared to the mean output DNA yield of 1090.6 ng/µL (201 - 2480ng/µL). n = 24, p-value < 0.05. 
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Figure 2-22. Raw read count (WGA vs non-WGA) 

Boxplot of the raw read counts of the WGA and non-WGA treated CSF samples sequenced by NGS. The 
box-and-whisker plot overlay indicates the mean and upper and lower quartiles.  X-axis is the method 
used, y-axis is the number of raw reads. WGA treated samples had significantly higher raw read counts 
compared to non-WGA treated samples (n = 24, p-value <0.05).  

 

Figure 2-23. Usable read count (WGA vs non-WGA) 

Boxplot of the usable read counts of the WGA and non-WGA treated CSF samples sequenced by NGS. 
The box-and-whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the method 
used, y-axis the number of usable reads. No significant difference between the WGA and the non-WGA 
treated samples (n = 24, p-value > 0.05).  
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Figure 2-24. Clonotype count (WGA vs non-WGA) 

Boxplot of the clonotype counts of the WGA and non-WGA treated CSF samples sequenced by NGS. 
The box-and-whisker plot overlay indicates the mean and upper and lower quartiles.  X-axis is the method 
used, y-axis is the number of unique clonotypes found in a sample. Non-WGA treated samples had 
significantly higher clonotype counts compared to WGA treated samples (n = 24, p-value <0.05).  

 

Figure 2-25. Clonotype diversity (WGA vs non-WGA) 

Boxplot of the clonotype diversity of the WGA and non-WGA treated CSF samples sequenced by NGS. 
The box-and-whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the method 
used, y-axis represents the alpha diversity index. Clonotype diversity calculated as the Shannon diversity 
index (clonotype diversity). Non-WGA treated samples had significantly higher clonotype diversities 
compared to WGA treated samples (n = 24, p-value <0.05).  
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Figure 2-26. Effective species count (WGA vs non-WGA) 

Boxplot of the effective species counts for the WGA and non-WGA treated CSF samples sequenced by 
NGS. The box-and-whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the 
method used, y-axis is the effective species count. The effective species count is calculated from the 
Shannon diversity index, representing the clonotype diversity. Non-WGA treated samples had 
significantly higher effective species count compared to WGA treated samples (n = 24, p-value < 0.05). 
Non-WGA treated samples had a mean of 136.68 effective species (1.00 - 1122.13 effective species). 
WGA had a mean of 13.0 effective species (1.14 - 39.68 effective species). There are a few outliers for 
the non-WGA treated samples, but if removed there is no significant difference between the two groups. 
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Figure 2-27. Repertoire diversity clonal curves (WGA vs non-WGA) 

Junctional amino acid length against clonotype abundance for non-WGA and WGA treated samples.  

Each graph is one sample’s replicates superimposed. Graphs A-B represents the repertoire diversity for B cells (IGH locus), graphs C-D represents 
the repertoire diversity for T cells (TRB locus). A) The repertoire diversity for IGH of the ca fraction of one CSF sample not treated with WGA (1) 
and treated with WGA (2). B) The repertoire diversity for IGH of the cf fraction of one CSF sample not treated with WGA (1) and treated with 
WGA (2). C) The repertoire diversity for TRB of the ca fraction of one CSF sample not treated with WGA (1) and treated with WGA (2). D) The 
repertoire diversity for TRB of the cf fraction of one CSF sample not treated with WGA (1) and treated with WGA (2). X-axis is the amino acid 
lengths, y-axis is percentage. The non-WGA treated samples on average were more likely to follow a normal distribution and had more clonotypes 
per amino acid length as indicated by more clonotype slices per bar, with grey representing to a diversity to diverse to count. In addition, identical 
clones were more frequently seen in both replicates for non-WGA treated samples. WGA-treated samples showed higher percentages per 
clonotypes.  

 

 



 

 

81 

 

 

Figure 2-28. Raw read count (cell-associated vs cell-free fraction) 

Boxplot of the raw read counts for the ca and cf CSF sample fractions sequenced by NGS. The box-and-
whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the CSF cell fraction, y-
axis is the number of raw reads. There was no significant difference between the two fractions (n = 18 for 
each fraction, p-value > 0.05). Mean raw read counts were 70,581 reads (4 – 628,636 reads) for the ca 
fraction and 74,001 (50 – 424,654 reads) for the cf fraction.  

 

Figure 2-29. Usable read count (cell-associated vs cell-free fraction) 

Boxplot of the usable read counts for the ca and cf CSF sample fractions sequenced by NGS. The box-
and-whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the CSF cell 
fraction, y-axis is the number of usable reads. There was no significant difference between the two 
fractions (n = 18 for each fraction, p-value > 0.05). Mean usable read counts was 29,214 reads (0 – 
318,398 reads) for the ca fraction and 32,282 (20 - 280719 reads) for the cf fraction.  
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Figure 2-30. Clonotype count (cell-associated vs cell-free fraction) 

Boxplot of the clonotype counts for the ca and cf CSF sample fractions sequenced by NGS. The box-and-
whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the CSF cell fraction, y-
axis is the number of unique clonotype found in a sample.  There was no significant difference between 
the two fractions (n = 18 for each fraction, p-value > 0.05). Mean clonotype count for the ca fraction was 
446 clonotypes (0 – 2,570 clonotypes). Mean clonotype count for the cf fraction was 463 (5 – 4,144 
clonotypes). 

 

Figure 2-31. Clonotype diversity (cell-associated vs cell free fraction) 

Boxplot of the clonotype diversity for the ca and cf CSF sample fractions sequenced by NGS. The box-
and-whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the CSF cell 
fraction, y-axis is the clonotype diversity represented as an alpha diversity index value (Shannon diversity 
index). Clonotype diversity calculated as the Shannon diversity index (clonotype diversity). There was no 
significant difference between the two fractions (n = 18 for each fraction, p-value > 0.05). Shannon 
diversity for the ca and cf fractions was 3.30 (0- 6.95) and 3.45(1.175 - 7.023), respectively.  
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Figure 2-32. Effective species count (cell-associated vs cell-free fraction) 

Boxplot of the effective species count for the ca and cf CSF sample fractions sequenced by NGS. The 
box-and-whisker plot overlay indicates the mean and upper and lower quartiles. X-axis is the CSF cell 
fraction, y-axis is the number of effective species found in a sample. The effective species count is 
calculated from the Shannon diversity index representing the clonotype diversity. There was no 
significant difference between the two fractions (n = 18 for each fraction, p-value > 0.05). The mean 
effective species counts were 135.851 species (1- 1038.88 species) for the ca fraction and 111.198 species 
(3.239- 1122.127) for the cf fraction. 
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Figure 2-33. Read counts vs lymphocyte counts (cell-associated vs cell-free fraction) 

Scatterplots of the raw and usable read counts for the ca and cf CSF sample fractions sequenced by NGS 
plotted against the lymphocyte counts of each CSF sample. n = 18. X-axis is in number of cells, y-axis is 
in number of reads.  
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Figure 2-34. Read counts vs DNA yields (cell-associated vs cell-free fraction) 

Scatterplots of the raw and usable read counts for the ca and cf CSF sample fractions sequenced by NGS 
plotted against the DNA yields of each CSF sample. n = 18. X-axis is in ng/ul, y-axis is in number of 
reads.  
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Figure 2-35. Clonotype diversity vs usable read counts (categorized by sequencing success) 

Scatterplot of the clonotype diversity plotted against the usable read counts for all sequenced samples by 
NGS. X-axis is in usable read count, y-axis is the clonotype diversity. Clonotype diversity calculated as 
the Shannon diversity index (clonotype diversity).  n = 18. Samples categorized by sequencing success. 
Yes = samples that yielded ideal sequence data (large read and clonotype counts with high repertoire 
diversity). No = samples that yielded inadequate sequence data (low read and clonotype counts and low 
repertoire diversity). Maybe = samples with at least one or two of the ideal sequencing criteria.  
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Figure 2-36. Usable read count vs cytospin lymphocyte count (sequencing success ranges) 

Scatterplot of the usable read counts plotted against the lymphocyte counts by cytospin. X-axis represents 
the lymphocyte counts by cytospin, the y-axis represents the usable read counts. Samples were binned by 
low lymphocyte counts (< 50), medium lymphocyte counts (50 – 100) and high lymphocyte counts (100-
200). Samples categorized by sequence success. Yes = samples that yielded ideal sequence data (large 
read and clonotype counts with high repertoire diversity). No = samples that yielded inadequate sequence 
data (low read and clonotype counts and low repertoire diversity). Maybe = samples with at least one or 
two of the ideal sequencing criteria. Calculated probabilities showed a 0% (0/24) probability that samples 
with a cytospin count of less than 50 cells will produce adequate sequencing results, a 100% (12/12) 
chance for cell counts from 50-100 cells and an 80% (16/20) chance for samples with lymphocyte counts 
from 100 -200 cells.  
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Figure 2-37. Usable read count vs predicted cytospin lymphocyte count (sequencing success ranges) 

Scatterplot of the usable read counts plotted against the predicted lymphocyte counts by cytospin. X-axis 
represents the lymphocyte counts by predicted cytospin, the y-axis represents the usable read counts. 
Samples were binned by low lymphocyte counts (< 100), medium lymphocyte counts (100 – 1000), and 
high lymphocyte counts (>1000). Samples categorized by sequence success. Yes = samples that yielded 
ideal sequence data (large read and clonotype counts with high repertoire diversity). No = samples that 
yielded inadequate sequence data (low read and clonotype counts and low repertoire diversity). Maybe = 
samples with at least one or two of the ideal sequencing criteria. Calculated probabilities showed a 40% 
(16/40) chance of sequencing success with a lymphocyte count of 0 -100 cells, a 50 % (4/8) chance with a 
lymphocyte count of 100-1000 cells, and a 100 % (8/8) chance for samples with a lymphocyte count 
above 1000 cells.  



 

 

89 

 

 

Figure 2-38. Usable read count vs estimated hemocytometer lymphocyte count (sequencing success ranges) 

Scatterplot of the usable read counts plotted against the estimated lymphocyte counts by hemocytometer. 
X-axis represents the lymphocyte counts by estimated hemocytometer count, the y-axis represents the 
usable read counts. Estimated lymphocyte count was calculated using the hemocytometer count and the 
cytospin cell differential percentages. Samples were binned by low lymphocyte counts (< 100), medium 
lymphocyte counts (100 – 1000), and high lymphocyte counts (>1000). Samples categorized by sequence 
success. Yes = samples that yielded ideal sequence data (large read and clonotype counts with high 
repertoire diversity). No = samples that yielded inadequate sequence data (low read and clonotype counts 
and low repertoire diversity). Maybe = samples with at least one or two of the ideal sequencing criteria. 
Calculated probabilities showed a 40% (16/40) chance of sequencing samples below 10 lymphocytes/µL, 
50 % (4/8) chance of sequencing samples from 10 -100 lymphocytes/µL, and 100% (8/8) chance of 
sequencing samples with above 100 lymphocytes/µL.  
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3 Characterizing immune repertoires from CSF of dogs with 
neurologic disease 

3.1 Methods 

3.1.1 Sample collection and processing  

Sample collection and processing have been described in chapter 2. Briefly, CSF samples 

from dogs were prospectively collected by the Neurology Service during routine neurologic 

work-ups at the Ontario Veterinary College. Inclusion criteria for this study consisted of dogs 

presenting with signs of CNS disease regardless of sex, age, breed and diagnosis. Based on the 

findings in chapter 2, additional 43 samples were selected out of a total of 188 collected CSF 

samples. Together with the 18 samples sequenced in chapter 2, the total number of samples 

analyzed for this chapter was 61 samples. Selection criteria were a high lymphocyte count and no 

evidence of hemorrhage. The 43 CSF samples with the highest lymphocyte count without 

hemorrhage were chosen. A subset of CSF samples was separated by centrifugation into cell-

associated (the pellet) and cell-free fractions (the supernatant).  

3.1.2  Analysis of medical reports and clinicopathologic data 

The medical records obtained for chapter 2 were used to compile patient signalment, 

clinical working diagnoses, treatment, and outcome from all patients for which CSF samples 

were sequenced. For the purpose of this study, the clinical working diagnosis refers to the final 

clinical diagnosis that was based on a full neurologic work-up including patient history and 

signalment, neurologic assessment, imaging, serologic and cytologic testing. The predicted 

lymphocyte count was calculated based on the total nucleated cell count by hemocytometer and 

the cell count differential by cytospin as described in chapter 2. Where available, post mortem 

results were retrieved to determine the histopathologic diagnosis, which was categorized into 

broad disease categories reflective of etiology.  
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3.1.3 DNA extraction and quantification  

The 61 CSF samples used for this chapter were composed of 18 samples, which have 

been described in chapter 2, as well as 43 additional samples. Out of the 43 additional CSF 

samples, 31 samples had been fractionated prior to DNA extraction and the DNA from both 

fractions was combined prior to PCR amplification. DNA extraction for these samples was 

performed as described in chapter 2. The remaining 12 samples had not been fractionated prior to 

DNA extraction and DNA extraction was performed using the Qiagen Circulating Nucleic Acid 

Kit (Qiagen, CA) (Figure 3-1). The extracted DNA was quantified by fluorometry using Qubit® 

dsDNA Assay Kit (Thermo Fisher Scientific, MA).     

3.1.4 Target enrichment, library preparation and sequencing  

Target enrichment and library preparation have been described in detail in chapter 2. 

Briefly, LAR genes were enriched by conventional PCR using primer sets targeting the 

immunoglobulin heavy chain (IGH) locus and the T cell receptor beta (TRB) locus for B and T 

cells, respectively, using previously developed primer sets111,112.  

In contrast to previous sequencing runs, 10 µL instead of 5 µL DNA was used to increase 

the amount of DNA available for the PCR reaction. The cycling conditions were as described in 

chapter 2. The presence of PCR product was verified by capillary electrophoresis using the 

QIAxcel High Resolution Kit (Qiagen, CA). Following PCR amplification, IGH and TRB 

products were pooled by replicate and cleaned-up using Omega BioTek’s Mag-Bind RxnPure 

Plus (Omega Biotek). Adapter ligation was performed using the NEB Ultra II DNA Library Prep 

kit and Multiplex Oligos for Illumina (NEB, CA). The final DNA concentration of each sample 

was quantified by fluorometry using the Qubit® dsDNA Assay Kit (Thermo Fisher Scientific, 

MA).  

 ((concentration ng/µL)/ (660 x average library size)) * 10^6 = concentration in nM 

((concentration ng/µL)/ (660 x 300)) * 10^6 = concentration in nM 

Following adapter ligation, samples were pooled by volume as described in chapter 2 with the 

exception that samples and controls were pooled at a ratio of 86:4 to reflect the larger number of 
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samples compared to previous sequencing runs. The denature and dilute workflow was carried 

out as described in chapter 2 with the exception that an 8% instead of a 10% PhiX spike-in was 

used to reduce the proportion of PhiX reads. Sequencing was conducted on an Illumina MiSeq 

platform using the reagent kit v2 with 300 cycle paired-end reads (Illumina, CA). 

3.1.5 Data analysis 

The data analysis was carried out as described in chapter 2. 

3.2 Results  

3.2.1 Study population  

The breed, age and sex distribution for all 188 samples has been summarised in chapter 2. 

The subset of 61 samples that were sequenced for this chapter were representative of the overall 

cohort. More specifically, samples were collected and processed over a period of 29 months from 

November 2016 to April 2019 (Figure 3-2) and the average processing interval was 5 days (0 - 

23 days) (Figure 3-3). The mean age was 6 years (6 months - 14 years old) and the sex 

distribution was nearly balanced with 54 % females (n = 33) and 46% males (n = 28) (Figure 

3-4). The majority of patients were neutered with 5 females and 7 males being intact. The 

majority of dogs were mixed breeds (20/61 (33%)), with the rest being of various large, medium 

and small breeds (Figure 3-5). The distribution regarding breed size was 20 % large (n=12), 15 

% medium (n=9) and 33% small breed dogs (n= 20) (Figure 3-6). 

3.2.2 Clinical diagnosis 

Based on the working clinical diagnoses, all 61 CSF samples were assigned one or more 

disease categories as defined in chapter 2 (Table 2-2). Disease categories in descending order of 

prevalence were inflammatory (n = 36), neoplastic (n = 13), miscellaneous (n=11), degenerative 

(n = 9), epilepsy (n = 6), ischemic (n = 5), malformation (n = 3), metabolic (n = 2) and traumatic 

(n = 1) (Figure 3-7). Forty-one out of 61 (67%) samples were assigned a single disease category, 

18/61 (30%) samples were assigned two or more disease categories and 2/61 (3%) had an 

unknown clinical working diagnosis (Figure 3-8). The inflammatory disease category included 

the highest number of samples among single disease categories (n = 23) followed by 
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degenerative (n = 5), neoplastic (n = 5), miscellaneous (n = 5) and epilepsy (n = 2). Out of 18 

samples that were assigned more than one disease category, 72% (13/18) were assigned 2 disease 

categories, 17% (3/18) were assigned 3 or 4 disease categories and 5% (1/18) were assigned 5 

different categories. For samples that were assigned multiple disease categories, 13/18 (72%) 

were diagnosed as inflammatory diseases as one of the potential diagnoses.  

Postmortem diagnosis 

For 14/61 (23%) samples, PM data including a histologic assessment of the CNS was 

available. The PM diagnoses were categorized analogous to the clinical diagnoses. In descending 

order of prevalence, the disease categories were 6/14 (43%) inflammatory, 5/14 (36%) neoplasia, 

1/14 (7%) degenerative, 1/14 (7%) malformation and 1 case was diagnosed as lymphoma. Out of 

the 6 CSF samples with a definitive diagnosis of an inflammatory disease, 4/6 were considered 

immune mediated (NME, NLE, and GME) 1/6 was considered infectious (canine distemper 

infection) and a definitive diagnosis could not be established for one case (lymphohistiocytic 

meningoencephalitis). The median survival time for all cases with a PM performed was 6 days (0 

– 175 days). Ten out of 14 samples (43%) had been associated with a single clinical disease 

category at the time of diagnosis. Six of these were confirmed by histopathology but in four 

cases the PM diagnosis differed from the initial working clinical diagnosis. One case initially 

diagnosed as neoplastic was determined to be inflammatory, one case of inflammatory disease 

was determined to be neoplastic, one case of miscellaneous disease was determined to be 

degenerative and one case of degenerative disease was determined to be a malformation. In all 

4/14 samples (28%) that had been associated with more than one disease category, the final 

diagnosis had been identified as a differential diagnosis at the time of diagnosis.  

3.2.3 CSF characteristics  

For 57/61 (93%) CSF samples, a routine clinicopathologic analysis was available. In 4/61 

samples, CSF was collected and used for sequencing but not analyzed clinicopathologically. The 

working clinical diagnosis for these patients was based on the neurologic examination without 

CSF analysis.  
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Protein concentration  

A total of 24/57 (42%) samples had elevated protein concentrations (> 0.45 g/L). The 

mean protein concentration was 0.67 g/L (0.13 – 3.76 g/L). An albuminocytologic dissociation 

was diagnosed by the clinical pathologist in 4/57 (7%) samples. Based on the reference range for 

albuminocytologic dissociation (protein concentration > 0.45 g/L and total cell count < 5.00 x106 

cells/L), only 3/57 samples met the criteria.  

Total nucleated cell count 

As mentioned in chapter 2, the total nucleated cell count was assessed by two methods, 

the hemocytometer cell count and the cytospin cell count. The mean hemocytometer cell count 

was 0.09 x109 cells/L (0.001 x109 - 1.70 x109 cells/L). Hemocytometer cell counts for 28/57 

(49%) samples were within the reference interval and 29/57 (51%) had elevated cell counts 

(reference range < 5.00 x106 cells/L). The mean cytospin cell count was 136 cells (2 - 200 cells) 

per 200 µL. The mean predicted cytospin cell count was 1,148 cells (42 – 20,518 cells) per 200 

µL. As expected, patients diagnosed with an inflammatory CNS disease had higher nucleated 

cell counts than the other disease categories (Figure 3-9).  

Cell differential  

Cytospin differential cell counts were used to characterize the composition of immune 

cells (Figure 3-10). The mean leukocyte abundance was as follows: lymphocytes 53% (1 - 92%), 

macrophages 33% (5 - 77%), neutrophils 13% (0 - 94%) and eosinophils and mast cells below 

5% (Figure 3-11). The mean predicted lymphocyte count was 380 lymphocytes (9 – 4,739 

lymphocytes) per 200 µL or 1.90 lymphocytes/µL (0.04 - 23.69 lymphocytes/µL. A total of 

19/57 (34%) samples were considered normal based on the reference ranges obtained from the 

literature (< 5.00 x106 cells/L, < 10% neutrophils, < 1% eosinophils) compared to 12/57 (21%) 

that were considered normal by the attending clinical pathologist. (Table 3-1). The pathologist 

diagnosed more CSF with mononuclear pleocytosis and less with neutrophilic pleocytosis than 

suggested by the reference ranges. The samples with the highest lymphocyte counts were 
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associated with the inflammatory disease category in concordance to chapter 2 and the literature 

(Figure 3-13). 

3.2.4 DNA yields of CSF samples 

Out of 61 samples, 49 samples were previously used in chapter 2 to compare the DNA 

yield of ca vs. cf DNA. Consequently, these samples had been separated into pellet and 

supernatant prior to DNA extraction. The ca fraction had a mean of 0.82 ng/µL (0.00 – 15.7 

ng/µL) and the cf fraction had a mean of 0.40 ng/µL (0.00 - 1.94 ng/µL). Twelve samples that 

were collected after completion of the data analysis of chapter 2 and were not separated into 

pellet and supernatant had a mean DNA yield of 2.0 ng/µL with a median of 0.21 ng/µL (0.08 – 

18 ng/µL). Overall, the DNA yields for all 61 CSF samples sequenced regardless of sample 

fraction separation was seen to have a mean of 0.82 ng/µL (0.00 – 18.00 ng/µL).  

Correlation of DNA yield and CSF characteristics  

In chapter 2, a moderate correlation was found between DNA yield on one side and total 

cell count and lymphocyte abundance on the other side for the entire cohort of 188 samples. A 

similar trend was seen for the subset of 43 CSF samples that were sequenced in this chapter. 

There was a moderate positive correlation between DNA yield and total cell count for both, the 

hemocytometer and the cytospin cell count (r2 = 0.55, p-value < 0.05). For 31 samples, DNA had 

been extracted for each fraction separately and ca and cf fractions were combined post DNA 

extraction. In contrast, 12 samples had not been fractionated prior to DNA extraction. When 

assessing correlation stratified by these groups, fractionated samples showed a moderate 

correlation while the non-fractionated samples showed a high positive correlation between DNA 

yield and lymphocyte abundance (r2= 0.79, p-value < 0.05). 

3.2.5 Sequencing metrics 

Immune repertoire sequencing was carried out in 4 separate runs using an Illumina Miseq 

platform. Sequencing runs 1-3 focused on investigating the technical aspects of immune 

repertoire sequencing of CSF in dogs and the associated sequencing metrics have been described 

in chapter 2. Sequencing run 4 focused on immune repertoire characteristics and hence excluded 
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methodological variations such as sample separation before DNA extraction or WGA before 

PCR (Table 3-2). The following data pertains to the 61 newly sequenced samples. 

Raw and usable read counts 

The mean raw read count was 78,502 reads (4 – 1,180,151 reads) (Figure 3-14) and the 

mean usable read count was 41,104 reads (0 – 1,075,388 reads) (Figure 3-15). The majority of 

samples with high raw and usable read counts came from patients diagnosed with an 

inflammatory disease (Figure 3-16 and Figure 3-17). For the 43 non-fractionated samples that 

were newly sequenced in this chapter, the mean number of raw reads was 83,763 reads (7 – 

1,180,151 reads) (Figure 3-18) and the mean number of usable reads was 49,876 reads (0 – 

1,075,388 reads) (Figure 3-19). These findings were comparable to those in chapter 2.  

Clonotype count  

The mean clonotype count was 692 (0 -22,299). The majority of samples with high 

clonotype counts were from patient diagnosed with a working diagnosis of inflammatory disease 

(Figure 3-20). The newly sequenced samples from this chapter with combined fractions were 

seen to have a mean of 893 clonotypes (0 – 22,299 clonotypes) (Figure 3-21). The samples from 

this sequencing cohort had approximately double the amount of unique clonotypes on average 

compared to the samples sequenced in chapter 2. 

Shannon diversity 

The mean Shannon diversity index for the 61 sequenced CSF samples was 2.81 (0.00 - 

9.19). The clonotype diversity was spread out among the working diagnosis categories for all 

sequenced samples. However, the majority of the higher diversity values were from patient 

diagnosed with a working diagnosis among the inflammatory diseased category (Figure 3-22). 

The diversity values for the newly sequenced CSF samples seen in this chapter with no fraction 

separation had a mean of 2.31 (0.00 - 9.18) (Figure 3-23). This was comparable to the mean 

clonotype diversity seen for both separated fractions samples sequenced in chapter 2.  
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In chapter 2 repertoire diversity was visualized for samples treated with and without 

WGA by plotting junctional amino acid length against clonotype abundance. These results 

showed that the non-WGA treated samples were more likely to follow a normal distribution and 

had more clonotypes per amino acid length as indicated by more clonotype slices per bar. In 

addition, identical clones were more frequently seen in both replicates for non-WGA treated 

samples. In comparison to the WGA treated samples which showed higher percentages per 

clonotypes which suggested that WGA resulted in the disproportionate amplification of fewer 

clones. For the newly sequenced CSF samples from this chapter the repertoire diversity was in 

concordance with the non-WGA treated samples results from chapter 2 (Figure 3-24).  

Effective species count  

The mean effective species count was 216 (0 – 9,755). The majority of samples with high 

counts were from patient diagnosed with inflammatory CNS disease (Figure 3-25). The new 

sequence data from this chapter composed of the 43 combined samples had a mean effective 

species count of 296 species (0 -9,755 species) (Figure 3-26). In comparison to the samples 

sequenced in chapter 2, these samples had on average more than double the effective species of 

clonotypes found in a CSF sample. 

Correlating CSF characteristics and sequencing metrics 

To investigate if sample characteristics were predictive of sequencing success, CSF 

characteristics (DNA yield, cell count and lymphocyte abundance) were correlated with 

sequencing metrics (raw reads, usable reads, clonotype count, clonotype diversity, and effective 

species count). This assessment had been done for a subset of samples in chapter 2 and showed a 

moderate positive correlation between the lymphocyte abundance and read count. In contrast, 

samples in this chapter showed a high positive correlation between lymphocyte abundance and 

DNA yield on one hand and read count, clonotype count, clonotype diversity and effective 

species count on the other hand. (Figure 3-12). 

Raw read counts were correlated with DNA yields and predicted lymphocyte count by 

cytospin (r2= 0.74 and r2= 0.83, respectively; p-value <0.05). Usable reads were correlated with 
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DNA yield and predicted lymphocyte count by cytospin (r2= 0.81 and r2= 0.87, respectively; p-

value < 0.05) (Figure 3-27 and Figure 3-28). The estimated lymphocyte count by hemocytometer 

was correlated with raw reads and usable reads (r2 = 0.83 and r2 = 0.87 (p-value < 0.05) for raw 

reads and (p-value < 0.05) for usable reads. The clonotype count had a relationship of r2= 0.87 

and r2 (Figure 3-29 and Figure 3-30). The Shannon diversity had a moderate positive correlation 

with both DNA yield (r2=0.60) and lymphocyte abundance (Figure 3-31and Figure 3-32). 

Finally, the effective species count had a positive correlation of r2= 0.90 and r2 (Figure 3-33 and 

Figure 3-34). The total cell count did not correlate with any of the sequencing variables. 

3.2.6 Predictor variables ranges  

One aim of chapter 2 was to predict sequencing success based on sample characteristics 

using sequence data from 18 CSF samples. Chapter 3 aimed at substantiating these results by 

analyzing the full cohort of 61 sequenced samples. Based on predicted cytospin values, the 

probabilities for successful sequencing results were 19% (20/103) for samples with fewer than 

100 lymphocytes, 58% (14/24) for samples with lymphocyte counts between 100-1000 and 

100% (14/14) for samples with lymphocyte counts above 1000 (Figure 3-35). The probabilities 

based on the estimated hemocytometer lymphocyte count were 21% (22/105) for samples below 

10 lymphocytes/µL, 58% (14/24) for samples from 10 -100 lymphocytes/µL, and 100% (12/12) 

for samples with above 100 lymphocytes/µL (Figure 3-36). These results were in line with the 

findings of chapter 2.  

3.2.7 PM cases (NGS data relationship to definitive clinical diagnosis) 

In 14/61 (23%) samples, a definitive diagnosis could be established based on a 

postmortem histopathologic examination. To facilitate comparison of histologic diagnoses with 

immune repertoire data, histologic diagnoses were grouped on three different levels. First, 

histologic diagnoses were categorized into one of the CNS disease categories previously used to 

bin clinical diagnoses. In descending order, the histologic diagnoses were seen to be 6/14 (43%) 

inflammatory, 5/14 (36%) neoplasia, 1/14 (7%) degenerative, 1/14 (7%) malformation and 1/14 

(7%) was diagnosed with lymphoma.  
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Second, to contrast repertoire data for primary inflammatory diseases versus repertoire 

data from non-inflammatory diseases or diseases with secondary inflammation, disease 

categories were grouped further as follows: primary inflammatory: inflammation; non-

inflammatory: neoplasia, malformation, degenerative, ischemic, traumatic, miscellaneous, 

epilepsy, metabolic. Based on this binning, 6/14 (43%) cases were classified as inflammatory 

and 8/14 (57%) were considered non-inflammatory. CSF variables (predicted lymphocyte 

counts) and NGS variables (usable read count, clonotype count, clonotype diversity and effective 

species count) were analyzed for differences between the two diseases categories (Table 3-3).  

Overall, on average the samples that were confirmed to be inflammatory had higher 

values for predicted lymphocyte counts, usable read count, and clonotype diversity (Shannon 

diversity) compared to the non-inflammatory diseased samples (p-values < 0.05) (Figure 3-37). 

There was no significant difference seen between the two categories for clonotype count and 

effective species count. Since read count is an indicator of successful sequencing, read count was 

plotted against the other NGS variables to look for any patterns to indicate if there are any 

specific disease category the diagnostic tool is more suited for. A pattern of note was seen 

between read counts and the Shannon diversity index representing the number of clonotypes 

found in a sample and their abundance. This analysis showed that higher the read count the 

higher the diversity which is expected. What is of interest is that the majority of high read count 

and high diversity samples are from the inflammatory diseased category, with the opposite being 

seen for the non-inflammatory diseased samples (Figure 3-38). These initial results indicate that 

immune profiling by NGS sequencing on CSF is more suited for inflammatory CNS diseases. 

Similar results were seen above looking at all samples sequenced and the working diagnosis 

where the samples diagnosed with a tentative inflammatory disease had better sequencing 

results.  

Samples classified as ‘inflammatory’ were further categorized as ‘inflammatory- 

infectious’, ‘inflammatory – immune-mediated’ and ‘infectious – unknown’. Out of the PM 

samples classified as inflammatory 1/6 (17%) was inflammatory- infectious’, 4/6 (67%) were 

‘inflammatory – immune-mediated’ and 1/6 was ‘infectious – unknown’. There, was no 
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observable trend seen between these categories, as the sample size was too small to postulate any 

concrete observations.  

3.2.8 T cell vs B cell usage  

To characterize B and T cell repertoires, the IGH and TRB loci were amplified and 

sequenced simultaneously. The mean usable read count for IGH and TRB loci was 17,525 (0–

272,525 reads) and 31,954 reads (0-889,892 reads), respectively, suggesting that T cells were on 

average more prevalent than B cells. To express the relative abundance of B and T cells in a 

single variable, the ratio of IGH and TRB reads was calculated and log transformed. Locus ratio 

values above 0 were considered indicative of a B cell dominant process and values below 0 were 

considered indicative of a T cell dominant process. To identify if certain disease processes were 

preferentially associated with B or T cell dominant repertoires, the locus ratios were plotted 

against the clinical working diagnosis and the histologic diagnoses (Figure 3-39) (Figure 3-40). 

Unfortunately, no pattern was recognizable. Different disease categories included cases with 

both, B and T cell rich repertoires (Figure 3-41) (Figure 3-42). These results suggest that the 

proportions of lesional B and T cells is not helpful to differentiate between different CNS 

diseases.  

3.2.9 Variable and joining gene usage  

Next, we investigated if CSF immune repertoires were associated with specific variable 

(V) or joining (J) gene or subgroup usage. 

V gene usage 

For IGH, the most frequently rearranged V gene subgroups in usage were in descending 

order IGHV3 with a mean of 72% (6– 100%), IGHV4 with a mean of 28% (0.60– 100%) and 

IGHV1 with a mean of 12% (0.01- 97%)(Figure 3-43). For TRB 23 unique V genes were 

identified to have been used by the T cells found in the CSF samples. In comparison to the IGH 

V genes the TRB V gene usage was evenly distributed among the different subgroups (Table 

3-4). The two most abundant subgroups were seen to be TRBV3 with a mean of 25.77% (0.02 – 

100%) and TRBV7 with a mean of 22.43% (0.01 – 100%). Overall, it was seen that there was 
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less specific IGH V genes identified compared to the TRB V genes. Additionally, the IGH V 

genes had a varied distribution with the majority as IGHV3, while the TRB V genes were evenly 

distributed among the different specific genes.  

J gene usage 

The mean of the most abundant J gene was calculated for the identified J genes for all 18 

CSF separated sequenced samples (Figure 3-44). For the IGH locus 10 J gene subgroups were 

identified (Table 3-5). The most frequently rearranged J gene subgroup used in descending order 

were IGHJ4 with a mean of 62.73% (5.24 – 100%), IGHJ6 with a mean of 29.80% (0.14 – 

100%), IGHJ3 with a mean of 13.82% (0.12 – 50%) and IGHJ2 with a mean of 8.40% (0.02 – 

50). For TRB 20 unique J gene subgroups were identified in use. Similar, to the pattern seen with 

the TRB V gene subgroups the J gene subgroups were evenly distributed among the different 

subgroups (Table 3-6).  Out of these 20 J genes identifies the two most abundant were TRBJ2-6 

with a mean of 32.45% (0.29 – 100%) and TRBJ1-3 29.21% (0.05 – 100%). As seen with the J 

gene usage the IGH J genes had a varied distribution with the majority as IGHJ4, while the TRB 

J genes were evenly distributed among the different specific genes. 

3.3 Discussion  

In chapter 2 we established a methodology for immune profiling of canine CSF, for this 

chapter we validated the methods optimized in chapter 2 and began the initial assessment of the 

immune repertoires from prospectively collected CSF samples from dogs with neurologic 

disease. This study demonstrated a higher sequencing success rate for obtaining immune 

repertoires from cases diagnosed with an inflammatory disease compared to a non-inflammatory 

disease. Providing initial data to support our hypothesis that different CNS diseases are 

associated with unique immune repertoires that can be harnessed for diagnostic purposes. 

Canine CNS diseases can be a diagnostic challenge. Immune profiling is a novel method 

that characterizes adaptive immune responses. The main objective of this study was to 

investigate the feasibility of immune repertoire sequencing for diagnosing and prognosticating 

CNS diseases in dogs. The long-term goal is to expand our toolkit for the antemortem diagnosis 
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of canine CNS diseases. We hypothesized that CSF immune repertoires could help differentiate 

canine CNS disease with varying etiology. Chapter 2 investigated technical aspects of immune 

profiling including the utility of WGA and the comparison of cf versus ca fractions. For this 

chapter, additional samples were analysed based on the results of chapter 2. Furthermore, the 

data analysis considered additional variables and correlated sequencing results to the working 

clinical diagnosis, outcome and histopathologic diagnosis. 

Having a reliable gold standard is crucial when investigating the association of immune 

repertoires with specific diseases or specific disease categories. Sixty-one CSF samples were 

sequenced regardless of working clinical diagnosis. Based on the results of chapter 2, the final 

cohort of samples was chosen based on their predicted lymphocyte abundance prioritizing 

samples with high lymphocyte counts. The clinical diagnoses were placed into 9 different disease 

categories. The number of disease categories a given sample is associated with can serve as an 

indirect marker of the certainty of the clinical diagnosis. Out of the 61 sequenced samples, 40% 

of samples were associated with two or more disease categories. Out of the remaining samples 

that were associated with a single disease category, most samples were diagnosed as 

inflammatory. However, inflammatory diseases are etiologically heterogeneous for some 

diseases that make up the category such as non-infectious meningoencephalomyelitides which 

includes NME, NLE and GME. These findings illustrate that the working clinical diagnosis of 

CNS disease is commonly equivocal and that new methods for the antemortem diagnosis of CNS 

diseases are needed. 

Equivocal clinical diagnoses pose a problem for linking immune repertoires and specific 

diseases. Consequently, samples for which a PM had been performed were considered an asset, 

as there is a higher confidence in the diagnosis. For cases that had been assigned a single disease 

category at the time of diagnosis, the majority (60%) was confirmed by histopathology while in 

some cases (40%) the final diagnosis differed. For cases in which the working clinical diagnosis 

differed from the histopathologic diagnosis, neither the clinical diagnoses nor the final diagnoses 

overlapped across cases. The lack of a pattern suggests that there is not a certain disease category 

that is commonly misdiagnosed but that misdiagnoses occur randomly across the disease 

spectrum. However, as pointed out before, a clinical diagnosis of ‘inflammatory disease’ 
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encompasses a range of etiologically diverse diseases that require different therapeutic 

approaches and that differ in their prognosis. The fact that 60% of cases were correctly classified 

at the time of diagnosis hence obscures the level of uncertainty that is associated with a subset of 

these cases. 

Routine CSF analysis is an important but non-specific method to identify CNS 

disease8,13,18,20,24,48,54,108,148. In chapter 2, CSF analysis data was summarized for all samples for 

which these data were available, including the data for the 61 CSF samples that are part of this 

chapter. This data served multiple purposes: 1) to identify abnormal samples, 2) to compile CSF 

characteristics for the secondary annotation of the LAR sequences, which were clustered blindly 

by quantitative variables, and 3) to determine and analyze CSF characteristics that can be used to 

predict the odds of sequencing success from a CSF sample. All 61 sequenced CSF samples had 

one or more of the following abnormalities elevated protein concentration, elevated 

hemocytometer cell count, elevated predicted cytospin count and abnormal cell differential. 

Compared to the full set of 188 samples that were characterized in chapter 2, the 61 samples 

sequenced in this chapter had a higher percentage of abnormal CSF samples, which is in 

concordance with our strategy to choose samples that had cytologic evidence of CNS disease. 

To determine patterns that may help diagnose CNS diseases or to help determine ideal 

samples for sequencing, CSF analysis characteristics were correlated against DNA yields. In 

contrast to samples that were used in chapter 2 and that were separated into ca and cf fractions, 

the samples used for this chapter were not separated prior to DNA extraction. This subset of 

samples had a moderate positive correlation between DNA yields and total nucleated cell count 

and between DNA yields and lymphocyte count. This mirrors the results in chapter 2, except for 

the fact that the separated samples in the previous chapter showed a lower correlation between 

DNA yield and lymphocyte count than the samples used in this chapter. The latter observation 

could be a consequence of prioritizing samples with high lymphocyte counts for chapter 3. This 

means that samples with high DNA yields from nucleated cells other than lymphocytes were not 

a part of the analysis.  
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Next-generation sequencing metrics were analysed for evidence of sequencing success and 

potential predictor variables to determine the odds of sequencing success for a CSF sample. 

Similar to chapter 2, a wide range of read and clonotype counts were seen for all samples. Both 

cohorts from chapter 2 and 3 showed similar average read counts for raw and usable reads. 

However, the samples from the cohort chosen based on the high lymphocyte count in chapter 3 

had a higher read range for both raw and usable reads. Both data sets indicated that the samples 

with the largest counts were associated with an inflammatory disease diagnosis indicating higher 

sequencing success for the disease category compared to the others. 

A more precise measure of repertoire diversity are diversity indexes, which represent a 

statistical summary of the distribution of clonotype frequencies in a given sample76,117. This 

study used the most common diversity index for LAR gene analysis. The Shannon index of 

diversity is calculated based on the total number of clonotypes and their abundance72,112,117–

119,149. This calculation assumes that individual clonotypes are randomly sampled from an 

infinitely large community and the sampled clonotypes represents all species found in the 

sample118,149. The higher the diversity index, the more diverse the repertoire found in a CSF 

sample. The Shannon diversity index for the sequenced samples ranged from low to high 

diversity among the CSF samples. Samples tentatively diagnosed with an inflammatory disease 

composed the majority of the high values for clonotype count and clonotype diversity. The 

Shannon diversity index can be used to calculate the number of effective clonotypes found in a 

sample112,117,120–122,149. As seen with the other NGS metrics the effective species count ranged 

from low to high values across the CSF samples sequenced, with the majority of high values 

associated with inflammatory diseases.  

To further investigate clonotype diversity, repertoire diversity curves were analyzed 

comparing the junctional amino acid lengths to the clonotype abundance. The results were 

consistent with those of chapter 2. Samples with successful sequencing results (high usable read 

counts) showed a normal distribution of junctional lengths, which is typical for polyclonal 

lymphocyte populations. Furthermore, samples with high to moderate clonotype counts showed 

concordance between replicates, which is an indicator of robust amplification. Overall, the 

results did not differ from chapter 2, a range of repertoire diversities were observed from low to 
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high diversities. For both chapters samples with high read counts had high repertoire diversities 

which on average were from samples diagnosed with an inflammatory CNS disease. These 

findings illustrate that it is possible to obtain enormous repertoire diversity from dogs with 

neurologic signs of CNS diseases is possible. 

In chapter 2, clinicopathologic CSF characteristics were analysed and correlated to NGS 

metrics to identify properties that could help predict whether a sample is feasible for immune 

profiling. We found a moderate positive correlation between read counts and predicted 

lymphocyte count, indicating that lymphocyte abundance might function as a potential predictor 

variable for sequencing success. In this chapter we expanded this analysis by using a larger 

sample cohort. Since samples for this chapter were selected based on a high lymphocyte count, 

higher sequencing outputs were expected. Indeed, this sample cohort had higher correlations 

between the CSF analytes and the NGS variables than the sample cohort assessed previously. 

The predicted lymphocyte counts, regardless of being calculated by cytospin or hemocytometer 

methods, had high positive correlations for read count (raw and usable), clonotype count, and 

effective species count. The clonotype diversity as assessed by Shannon diversity only had a 

moderate positive correlation with lymphocyte count. The same degree of correlations with the 

NGS metric variables were seen for DNA yields. These findings provide further support for the 

use of lymphocyte abundance as a potential predictor variable for the success of immune 

profiling from canine CSF. 

Finally, the correlation between CSF characteristics and NGS variables were assessed for 

the combined two smaller subsets (18 separated fraction samples and the 43 combined fraction 

samples). When examining the correlation between the CSF characteristics and the NGS 

variables for the full 61 CSF samples sequenced correlations were similar to the 43 combined 

CSF fraction cohort. These correlations further support the above observation that ideal CSF 

samples for sequencing LAR genes are ones with high lymphocyte counts and high DNA yields.  

We previously showed in chapter 2 that DNA yield is not an ideal predictor for sequencing 

success as samples with high DNA yield can have low lymphocyte counts. In contrast, the data 

from this chapter found a high correlation between DNA yield and sequencing success. 
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However, the majority of samples were chosen based on their high lymphocyte counts. 

Consequently, these samples do not reflect the entire breadth of sample types encountered in 

practice and the conclusions hence have to be constrained. DNA yield can serve as a predictor 

variable in samples with a high lymphocyte count only. Another point to consider for using DNA 

yield as a predictor variable is that it would require prior DNA extraction, which would create 

additional costs, require labour and increase turn-around time. Together, these considerations 

limit the applicability of DNA yield as a predictor for sequencing success. 

To predict the odds for successful immune profiling, clinicopathologic variables were 

correlated with NGS metrics in chapter 2. Here we substantiate these results by investigating 

additional 43 samples.  

Two sets of sequencing probabilities were calculated based on the predicted cytospin 

lymphocyte count and the estimated hemocytometer lymphocyte count. Probabilities were 

calculated by the number of successful sequenced samples found in a specific lymphocyte range. 

For predicted cytospin lymphocyte counts, the probability of sequencing success was 19%, 58% 

and 100% for low, medium and high lymphocyte counts. For estimated hemocytometer 

lymphocyte counts, the probability of sequencing success was 21%, 58% and 100% for low, 

medium and high lymphocyte. When comparing these results with those from chapter 2, a 

decrease in the likelihood of sequencing success for samples with low lymphocyte count from 

40% - 21% was evident, but there was no change in the two higher ranges.  

The estimated hemocytometer lymphocyte count is calculated by the hemocytometer total 

cell count and the percentage of lymphocytes present in the sample which are both common CSF 

analytes apart of the routine CSF analysis. In comparison the usage of the predicted cytospin 

lymphocyte count would involve using and creating a regression analysis of a larger cohort of 

samples based on the hemocytometer count, the total cytospin count and the cytospin cell 

differential. Since there was no difference between the sequencing probabilities based on the 

predicted cytospin lymphocyte count and the estimated hemocytometer lymphocyte count, the 

recommendation from chapter 2 remains: the estimated lymphocyte hemocytometer counts to 
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evaluate the odds for the success regarding this diagnostic test of NGS sequencing and immune 

profiling to diagnosis CNS diseases  

As mentioned above, a definitive diagnosis helps to associate immune repertoires with 

specific diseases, allowing for the development of a more accurate antemortem diagnostic tool 

using immune profiling. One question is whether these definitively diagnosed samples provide 

additional information for diagnosing canine CNS diseases prior to immune profiling based on 

the NGS metrics. Out of the 61 CSF samples sequenced 14 were diagnosed with a definitive 

diagnosis by a postmortem histopathologic examination. The definitive diagnosis was 6/14 

(43%) inflammatory, 5/14 (36%) neoplasia, 1/14 (7%) degenerative, 1/14 (7%) malformation, 

and 1/14 (7%) case was diagnosed with lymphoma. The 14 CSF-sequenced were further 

categorized based on the type of inflammation from the diagnosed disease. Primary 

inflammation results from either a persistent environmental stimulus (e.g. infectious agent) or an 

internal endogenous stimulus (e.g. auto-antigen) that the body considers dangerous causing a 

failure in the normal inflammatory response15. Examples, of primary inflammatory canine CNS 

diseases include SRMA, and MUE. Secondary inflammation comes from a cause incidental to 

the primary cause of a CNS disease. Secondary inflammation is classified under non-

inflammatory CNS diseases. Non-inflammatory CNS diseases include, but are not limited to, 

spinal cord compression and neoplastic diseases18–20. Based on the criteria for the two categories 

6/14 (43%) were considered to be primary inflammatory diseases and 8/14 (57%) were 

considered to be non-inflammatory diseases. Overall, the 6 CSF samples diagnosed with a 

primary inflammatory disease had better sequencing results based off the NGS evaluations 

metrics, particularly read counts, clonotype count, clonotype diversity and effective species 

counts than the 8 CSF samples diagnosed as non-inflammatory. This same trend was observed 

with the full sequenced cohort of 61 CSF samples and their working diagnosis, showing that 

samples diagnosed with an inflammatory CNS disease had on average better sequencing data 

than the non-inflammatory disease categories. The data shows that it is possible to determine, 

based on the base NGS values, which samples are inflammatory and non-inflammatory. Because 

inflammatory diseases’ main pathological feature is an influx of leukocytes (lymphocytes, 

monocytes etc.) in the brain, spinal cord, meninges, or a combination of all three24, an increase in 
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CSF lymphocytes is an indicator of an inflammatory process and a non-specific indicator of CNS 

disease8,13. Immune profiling characterizes the adaptive immune responses by high-throughput 

sequencing of unique LAR repertoires on lymphocytes79,81,87,91. Therefore, as a function of the 

study results and the research context in which it belongs, it is reasonable that inflammatory 

diseases have overall better sequencing results. Unfortunately, this information does not uniquely 

add to the diagnosis, as the routine CSF analysis can determine whether a CSF sample is 

considered inflammatory or non-inflammatory. However, it does support the initial findings of 

the CSF analysis, thus supporting the tentative working diagnosis made by the clinician. In 

addition, this trend is non-specific to specific inflammatory diseases, meaning there is still the 

issue of differentiating between the diseases within a specific disease category. A larger sample 

size is needed to narrow down the diseases, specifically focusing on including samples with 

postmortem definitive diagnoses. 

Overall, based on the PM samples, the NGS metrics of sequencing LAR genes from canine 

CSF that show signs of neurologic disease have the potential of differentiating between 

inflammatory diseases and non-inflammatory diseases (based on the initial NGS analysis). The 

data on the immune repertoires should be able to differentiate between the inflammatory 

diseases. The main conclusion taken from the PM sample analysis is that this type of novel 

diagnostic tool using NGS is ideal for primary inflammatory CNS diseases over non- 

inflammatory CNS diseases. Therefore, it would be recommended to clinicians to consider 

patients with evidence of inflammatory diseases over non-inflammatory diseases for this new 

diagnostic tool. However, the data does suggest that this diagnostic test has the potential to be 

used to help narrow down a diagnosis between primary and secondary inflammation, which can 

help differentiate between inflammatory and non-inflammatory diseases.   

Since lymphocytes in CSF can be B or T cells, this study targeted both types of antigen 

receptor loci for immune profiling. B cell antigen receptors , known as immunoglobulins (IG), 

and TCR are both found on or imbedded into the surface of their respective lymphocyte cell type 

and are used to recognize antigens as a part of the adaptive immune response12,80. Immune 

repertoires represent the sum of all T cell and B cell receptors that make up an organism’s 

adaptive immune system12,81,87. Immune profiling can estimate the unique number of LARs 
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present in an individual at any given time, providing a snapshot of a portion of the entire 

repertoire, thus tracking B cell and T cell populations in different physiological and pathological 

conditions81,82. For example, GME is reported as a T-cell mediated disease38. B and T cells 

represent different arms of the immune system, the humoral and the cell-mediated immune 

system. As the name implies, both arms have specific functions and are differentially activated 

depending on the type of stimulus12. We hence hypothesized that etiologically distinct diseases 

are associated with different ratios of B cells vs. T cells. As an indirect measure of the B/T cell 

ratio, the ratio of usable read counts for IGH and TRB was used. Unfortunately, the locus ratio 

neither correlated with the working clinical diagnosis nor the histopathologic diagnosis. 

However, there are confounding factors that need to be taken into consideration. First, most 

samples only had a working clinical diagnosis and no histopathologic diagnosis. Hence, potential 

patterns might have been obscured by false diagnoses. Second, the sample size for various 

disease categories was small, especially when taking into consideration the histopathologic 

diagnoses only. Immune repertoire sequencing of additional cases is hence needed to determine 

if the abundance of B cells or T cells is indicative of a specific disease. Furthermore, the number 

of cases with available PM results should be expanded by continued follow-up of suitable cases. 

In mice, it has been shown that certain types of T cells have a restricted gene usage that, in 

some cases, is organ specific. We were hence interested to see 1) if lymphocytes in CSF have a 

unique gene usage or 2) if gene usage was correlated with disease. 

For this study several forward and reverse primers targeting different V and J gene were 

used to amplify the CDR3 of IGH and TRB loci. The usage of V and J gene subgroups were 

identified and quantified. A V and J gene subgroup is defined by IMGT (the international 

ImMunoGeneTics information system®) as a set of IG or TR genes (i.e. V-gene or J-gene) 

which belong to the same group, species, and is 75% similar at the nucleotide level. To our 

knowledge, this is the first study that investigates gene usage of CSF lymphocytes for the canine 

IGH and TRB loci. There have been studies investigating the topology, expressed repertoires and 

genomic organization of the canine IGH locus but there is currently no published data on gene 

usage of the canine TRB locus112,150–153.  
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IGH  

Over the 4 sequencing runs performed in this study, genes from 3 IGHV subgroups and 10 

IGHJ genes were identified. In descending order of usage, the V gene subgroups were IGHV3, 

IGHV4 and IGHV1. This usage is in line with reports from a previous study investigating the 

IGH repertoire from lymphoid tissues in healthy dogs.112. In this study, IGHV3 genes were used 

the most followed by IGHV4 genes112. The three most frequently used IGH J genes subgroups 

seen in descending order for this study were IGHJ4, IGHJ6 and IGHJ3. These results are in 

concordance with the study on lymphoid tissues, which saw the same pattern112. While there are 

slight differences in the mean usage for IGHJ6 and IGHJ3 genes, the rank of prevalence is 

identical. This difference could be explained by the fact that different tissues/fluids were used 

(lymphoid tissue vs CSF) or it might merely reflect normal variation within the population. 

Stratification of IGH gene usage by disease category is pending. 

TRB  

As previously mentioned, to our knowledge there is no currently published data on the 

canine TRB locus V and J gene usage. Consequently, there are no baseline values to which we 

can compare our findings regarding the canine V and J gene usage in CSF. The genomic 

structure of the canine TRB locus has been sequenced and annotated in the international 

ImMunoGeneTics information system (IMGT) GeneDB, which has summarized the TRB locus 

to contain 34 V genes and 12 J genes (http://www.imgt.org/)154. Our study identified use of 23 of 

the 34 V genes and all 12 J genes. Overall, the V and J gene usage of the TRB locus was more 

evenly distributed than in the IGH locus. Stratification of TRB gene usage by disease category is 

pending. 
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3.4 Conclusion  

The results of this chapter substantiate the findings from chapter 2 using a larger sample 

cohort and provide a first characterization of immune repertoires of CSF lymphocytes from dogs 

with neurologic disease. More specifically, our results indicate that CSF lymphocyte abundance 

is a valid predictor of sequencing success for immune profiling. In addition, the results of this 

study suggest that DNA yield may be used as a secondary predictor variable. Furthermore, the 

abundance of IGH and TRB reads and the IGH:TRB ratio was assessed for different disease 

categories. Unfortunately, neither variable was correlated with the disease category. In addition, 

we characterized the V and J gene usage of CSF lymphocytes. Given the general lack of 

available immune repertoire data for the dog, these results are currently of descriptive nature 

only. As more immune repertoire data becomes available, the data generated in this study could 

help identify potential organ-specific or disease-specific gene usage. Unfortunately, we have not 

achieved our main objective, which is to assess the feasibility of immune profiling for 

diagnosing CNS disease. However, the potentially most informative part of the data analysis, the 

assessment of repertoire overlap between samples, has not been completed due to ongoing 

development of the data analysis pipeline. Future directions will hence be directed at completing 

the data analysis and at sequencing additional samples. 
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3.5 Figures and tables  

 
Table 3-1. Number of sequenced CSF samples with pleocytosis 

Type 
Based on 

references 
Based on pathologist 

diagnosis 

Neutrophilic 12/57 4/57 
Eosinophilic 1/57 0/57 

Mononuclear 13/57 26/57 

 

Table 3-2. Sequencing run metrics 

Sequence 
run  Primer sets Flow 

cell 
Cluster% 

PF Reads PF Density Avg 
%Q30 

Aligned 
[%] 

# 
Samples 

CSF 
fraction 

# 
rxn Chapter 

1 k9FR3_v3.1, 
k9TRB_v3.3 Nano 94.5 1,627,730 625 90.05 16.58 6 ca/cf 24 

previously 
ran in 

chapter 2 

2 k9FR3_v3.2, 
k9TRB_v3.3 v3 90.04 14,376,683 863 92.03 23.49 6 ca/cf 24 

previously 
ran in 

chapter 2 

3 k9FR3_v3.2, 
k9TRB_v3.3 v2 88.6 16,964,956 1,026 92.87 20.03 6 ca/cf 24 

previously 
ran in 

chapter 2 

4 k9FR3_v3.2, 
k9TRB_v3.3 v2 93.19 13,814,167 776 95.67 24 43 combined 86 ran in 

chapter 3 

 

 

Table 3-3. Summary of CSF samples with PM results categorized as inflammatory or non-inflammatory 

  Inflammatory Non-inflammatory 

Variable Mean Median Min Max Mean Median Min Max 
Predicted lymphocytes 1318 175 18 3927 48 36 30 79 
Usable read count 143375 12320 2 1075301 596 148 2 3377 
Clonotype count 2658 391 2 22280 59 26 1 260 
Clonotype diversity 6.99 5.81 0.69 15.4 3.28 3.16 0 7.5 
Effective species count 1105 79 3 9784 22 17 2 101 
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Table 3-4. TRB V gene usage 

TRB V gene 
Subgroup Median% Mean% Min% Max% 

TRBV3 23.61 25.77 0.02 100.00 
TRBV7 14.59 22.43 0.01 100.00 

TRBV20 7.99 17.36 0.02 100.00 
TRBV16 9.01 16.84 0.05 100.00 
TRBV18 10.98 13.54 0.04 100.00 
TRBV15 7.21 13.51 0.01 100.00 
TRBV4 9.31 12.22 0.00 85.68 
TRBV5 6.29 11.39 0.02 100.00 
TRBV1 7.31 11.05 0.01 57.94 

TRBV22 1.57 8.87 0.00 100.00 
TRBV28 3.47 7.37 0.02 50.00 
TRBV29 2.12 6.14 0.00 100.00 
TRBV30 0.82 4.92 0.00 42.86 
TRBV10 2.53 4.59 0.01 30.23 
TRBV24 1.51 4.16 0.01 25.00 
TRBV12 0.20 3.52 0.01 50.00 
TRBV25 0.01 2.79 0.00 21.49 
TRBV26 0.09 0.28 0.01 2.98 
TRBV6 0.07 0.07 0.04 0.10 
TRBV8 0.01 0.01 0.00 0.02 

TRBV21 0.00 0.01 0.00 0.01 
TRBV19 0.00 0.00 0.00 0.01 
TRBV27 0.00 0.00 0.00 0.00 

 

Table 3-5. IGH J gene usage 

IGH J Gene subgroup Median% Mean% Min% Max% 

IGHJ4 61.14 62.74 5.24 100.00 
IGHJ6 19.61 29.80 0.14 100.00 
IGHJ3 9.40 13.82 0.12 100.00 
IGHJ2 5.81 8.41 0.02 50.00 
IGHJ1 0.63 4.05 0.00 50.00 
IGHJ5 1.33 3.10 0.00 25.77 

IGHJ3=IGHJ4 0.05 0.19 0.00 3.14 
IGHJ2=IGHJ3 0.01 0.09 0.00 0.48 
IGHJ2=IGHJ4 0.04 0.05 0.01 0.17 
IGHJ4=IGHJ6 0.00 0.00 0.00 0.00 
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Table 3-6. TRB J gene usage 

TRB J Gene subgroup median mean min max 

TRBJ2-6 25.37 32.45 0.29 100.00 
TRBJ1-3 20.89 29.22 0.05 100.00 
TRBJ1-4 11.14 17.61 0.03 100.00 
TRBJ1-2 11.76 17.56 0.04 100.00 
TRBJ1-6 11.46 14.44 0.12 99.12 
TRBJ2-1 7.16 13.63 0.02 99.93 
TRBJ2-3 5.26 11.64 0.00 100.00 
TRBJ1-1 8.74 10.81 0.05 43.03 
TRBJ2-5 2.49 7.45 0.00 100.00 
TRBJ2-4 0.91 1.72 0.00 9.08 

TRBJ2-3=TRBJ2-4 0.58 0.58 0.56 0.59 
TRBJ1-4=TRBJ2-3 0.28 0.33 0.01 0.71 

TRBJ2-2 0.00 0.28 0.00 1.41 
TRBJ1-5 0.05 0.21 0.00 1.65 

TRBJ2-4=TRBJ2-5 0.01 0.04 0.00 0.59 
TRBJ2-4=TRBJ2-5=TRBJ2-6 0.01 0.01 0.01 0.01 

TRBJ1-1=TRBJ2-6 0.00 0.00 0.00 0.00 
TRBJ2-3=TRBJ2-5 0.00 0.00 0.00 0.00 
TRBJ1-4=TRBJ2-1 0.00 0.00 0.00 0.00 
TRBJ1-3=TRBJ1-4 0.00 0.00 0.00 0.00 
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Figure 3-1. The CSF samples through the preparation steps for sequencing (Run 4) 

A flowchart that represents a single CSF sample’s progress through the different steps for sequencing.  

 

 
Figure 3-2. CSF sampling by month for all sequenced CSF samples 

Bar graph of the number of CSF samples processed each month over the 29-month sampling period. X-
axis represents month samples, y-axis is count for samples processed. The maximum number of processed 
CSF samples per month was 8, the minimum was 0. n = 61.  
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Figure 3-3. Sampling interval for all sequenced CSF samples 

Boxplot of the sampling interval for all sequenced CSF samples. X-axis is the sampling interval between 
the time the CSF is sampled by spinal tap to the freezing of samples after fractionating. Y-axis is the 
sampling interval as number of days. The box-and-whisker plot overlay indicates the mean and upper and 
lower quartiles. The mean was 5 days (0-23 days). n = 61.  

 
Figure 3-4. Patient age and sex for all sequenced CSF samples 

Scatterplot of the distribution of the patients' ages (years) categorized by sex (male or female, whether 
intact or neutered). The box-and-whisker plot overlay indicates the mean and upper and lower quartiles. 
Ages were evenly distributed with a mean of 6 years (range: 6 months to 14 years). There were no 
significant differences between females (F) and males (M). 
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Figure 3-5. Dog breed frequency for all sequenced CSF samples 

Histogram of the distributions of the study population based on the dog breeds. X-axis represents the 
frequency of each breed, y-axis is dog breed. No specific breed was over-represented. The highest 
frequency was for mixed breeds of unknown sizes. n = 61.  
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Figure 3-6. Dog breeds by size for all sequenced CSF samples 

Bar graph of the distribution of the study population by dog breed size. X-axis is the dog breed size, y-
axis is the number of dogs. n = 61.  
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Figure 3-7. Number of samples for each clinical diagnosis disease category 

Histogram of the overall number of samples diagnosed within each disease category. X-axis is the tally of 
each samples that fall in a disease category, y-axis is the different disease categories. Each CSF sample 
can fall under one or more disease category. Disease categories included inflammatory, degenerative, 
neoplastic, epilepsy, malformation ischemic, traumatic, and metabolic. The most common disease 
category diagnosed was seen to be inflammatory. n = 61.  
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Figure 3-8. The distribution of the working clinical diagnosis for all sequenced samples 

The tentative working clinical diagnosis for all CSF samples sequenced based on the CNS disease 
category. Samples with a clinical diagnosis that fell under two or more disease categories were given a 
number representing the number of disease categories. X-axis is the clinical diagnosis; y-axis is the CSF 
submission. n = 61. The majority of CSF samples had a tentative diagnosis of inflammatory disease.  
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Figure 3-9. Clinical diagnosis vs hemocytometer cell count for all sequenced CSF samples 

The hemocytometer total nucleated cell counts plotted against the tentative working clinical diagnosis. X-
axis is the hemocytometer cell count in units of cells/L (x 10^9) and the y-axis is the working clinical 
diagnosis. Samples with a clinical diagnosis that fell under two or more disease categories were given a 
number representing the number of disease categories. CSF samples diagnosed with an inflammatory 
disease had the highest total nucleated cell counts by hemocytometer. n = 61.  
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Figure 3-10. The cytospin cell differential immune cells ranges 

Boxplots of the percentage ranges of each immune cell for the cytospin cell differential for all CSF 
samples sequenced. The box-and-whisker plot overlay indicates the mean and upper and lower quartiles.  
X-axis is the immune cell type; y-axis is the immune cells abundance as sample percent. Immune cells: 
lymphs = lymphocyte, macs = macrophages, neuts = neutrophils, eos = eosinophils, mast = mast cells and 
other.  



 

 

123 

 

 
Figure 3-11. Cytospin cell differential for all sequenced CSF samples 

The immune cell composition of each CSF sample sequenced. X-axis is the percentage of each immune 
cell type that comprises the total cell count of a CSF sample. Y-axis is sample submission number (each 
horizontal line represents one CSF sample and its immune cell composition). Each graph is ordered by the 
specific immune cell’s percentage in decreasing order. Immune cells: lymphs = lymphocyte, macs = 
macrophages, neuts = neutrophils, eos = eosinophils, mast = mast cells and other. n = 57.  
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Figure 3-12. The lymphocyte abundance range for all sequenced CSF samples  

Bar graph of the lymphocyte abundance for each CSF sample sequenced. X-axis is CSF samples; y-axis is 
lymphocyte abundance as lymphocyte/µL. n = 61. CSF samples with a value of NA (n = 4) were from 
PM, which had no cytologic assessment performed on the CSF sample.  
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Figure 3-13. Clinical diagnosis vs predicted lymphocyte counts by cytospin for all CSF samples sequenced 

The predicted lymphocyte counts for each CSF sample sequenced against the working clinical diagnosis. 
X-axis is the predicted lymphocyte count in the units of lymphocyte/µL and y-axis is the working clinical 
diagnosis. Samples with a clinical diagnosis that fell under two or more disease categories were given a 
number representing the number of disease categories. CSF samples diagnosed with an inflammatory 
disease had on average the highest predicted lymphocyte counts. The predicted lymphocyte counts were 
calculated from the predicted cytospin cell counts and the cytospin cell differential percentages. n = 57.  
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Figure 3-14. Raw read count for all sequenced CSF samples 

Boxplot of the raw read counts for all sequenced CSF samples by NGS. The box-and-whisker plot 
overlay indicates the mean and upper and lower quartiles. Y-axis represents the number of raw reads 
sequenced. Mean for raw reads was 78,502 reads (4 – 1,180,151 reads). n = 61.  

 
Figure 3-15. Usable read count for all sequenced CSF samples 

Boxplot of the usable read counts for all sequenced CSF samples. The box-and-whisker plot overlay 
indicates the mean and upper and lower quartiles. Y-axis represents the number of usable reads 
sequenced. Mean for usable reads was 41,104 reads (0 – 1,075,388 reads). n = 61.  
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Figure 3-16. Clinical diagnosis vs raw read counts 

The raw read for all sequenced samples against the working clinical diagnosis. X-axis is the raw read 
counts; y-axis is the working clinical diagnosis. Samples with a clinical diagnosis that fell under two or 
more disease categories were given a number representing the number of disease categories. CSF samples 
diagnosed with an inflammatory disease had on average the highest raw read counts. n = 61.  

 
Figure 3-17. Clinical diagnosis vs usable read count for all sequenced CSF samples 

The usable read for all sequenced samples against the working clinical diagnosis. X-axis is the usable 
read counts; y-axis is the working clinical diagnosis. Samples with a clinical diagnosis that fell under two 
or more disease categories were given a number representing the number of disease categories. CSF 
samples diagnosed with an inflammatory disease had on average the highest usable read counts. n = 61.  
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Figure 3-18. Raw reads for the sequenced CSF samples for sequence run 4 

Boxplot of the raw read count for the combined CSF fraction samples sequenced in run 4. The box-and-
whisker plot overlay indicates the mean and upper and lower quartiles. Y-axis represents the number of 
raw reads sequenced. All CSF samples for this run had either their ca and cf fractions combined (n = 31) 
or were never separated prior to DNA extraction (n = 12). Mean raw read was 83,763 reads (7 – 
1,180,151 reads). n = 43.  

 
Figure 3-19. Usable reads for the sequenced CSF samples for sequence run 4 

Boxplot of the usable read count for the combined CSF fraction samples sequenced in run 4. The box-
and-whisker plot overlay indicates the mean and upper and lower quartiles. Y-axis represents the number 
of usable reads sequenced. All CSF samples for this run had either their ca and cf fractions combined (n = 
31) or were never separated prior to DNA extraction (n = 12). Mean raw read was 49876 reads (0 – 
1,075,388 reads). n = 43.  



 

 

129 

 

 
Figure 3-20. Clinical diagnosis vs clonotype count for all sequenced CSF 

The clonotype count for all sequenced samples against the working clinical diagnosis. X-axis is the 
clonotype count; y-axis is the working clinical diagnosis. Samples with a clinical diagnosis that fell under 
two or more disease categories were given a number representing the number of disease categories. CSF 
samples diagnosed with an inflammatory disease had on average the highest clonotype counts. n = 61.  

 
Figure 3-21. Clonotype count for the CSF samples sequenced in sequence run 4 

Boxplot of the clonotype count for the combined CSF fraction samples sequenced in run 4. The box-and-
whisker plot overlay indicates the mean and upper and lower quartiles. Y-axis represents the number of 
unique clonotypes sequenced in a sample. All CSF samples for this run had either their ca and cf fractions 
combined (n = 31) or were never separated prior to DNA extraction (n = 12). Mean clonotype count was 
893 clonotypes (0 – 22,299 clonotypes). n = 43.  
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Figure 3-22. Clinical diagnosis vs clonotype diversity for all samples sequenced  

The clonotype diversity for all sequenced samples against the working clinical diagnosis. X-axis is the 
clonotype diversity; y-axis is the working clinical diagnosis. Clonotype diversity calculated as the 
Shannon diversity index (clonotype diversity). Samples with a clinical diagnosis that fell under two or 
more disease categories were given a number representing the number of disease categories. CSF samples 
diagnosed with an inflammatory disease had on average the highest clonotype diversity. n = 61.  

 
Figure 3-23. Clonotype diversity for the CSF samples sequenced in sequence run 4 

Boxplot of the clonotype diversity for the combined CSF fraction samples sequenced in run 4. The box-
and-whisker plot overlay indicates the mean and upper and lower quartiles. Y-axis represents the 
clonotype diversity. All CSF samples for this run had either their ca and cf fractions combined (n = 31) or 
were never separated prior to DNA extraction (n = 12). Clonotype diversity calculated as the Shannon 
diversity index (clonotype diversity). Mean clonotype diversity was 2.31 (0.00 - 9.18). n = 43. 
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Figure 3-24. Immune repertoire diversity by clonal curve graphs for all CSF samples sequenced 

Junctional amino acid length against clonotype abundance. Each graph is one sample’s replicates superimposed. Graphs A-C represents the 
repertoire diversity for 3 CSF samples sequenced. A) The repertoire diversity for IGH (1) and TRB (2) for a CSF sample with ideal sequencing 
results. B) The repertoire diversity for IGH (1) and TRB (2) for a CSF sample with medium sequencing results. C) The repertoire diversity for 
IGH (1) and TRB (2) for a CSF sample with inadequate sequencing results. X-axis is the amino acid lengths, y-axis is percentage. The CSF 
samples with adequate sequencing results on average were more likely to follow a normal distribution and had more clonotypes per amino acid 
length as indicated by more clonotype slices per bar, with grey representing to a diversity to diverse to count. In addition, identical clones were 
more frequently seen in both replicates.  
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Figure 3-25. Clinical diagnosis vs effective species count for all CSF samples sequenced 

The effective species count for all sequenced samples against the working clinical diagnosis. X-axis is the 
effective species count; y-axis is the working clinical diagnosis. The effective species count is calculated 
from the Shannon diversity index representing the clonotype diversity. Samples with a clinical diagnosis 
that fell under two or more disease categories were given a number representing the number of disease 
categories. CSF samples diagnosed with an inflammatory disease had on average the highest effective 
species counts. n = 61.  
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Figure 3-26. Effective species count for the CSF samples sequenced in sequence run 4 

Boxplot of the effective species count for the combined CSF fraction samples sequenced in run 4. The 
box-and-whisker plot overlay indicates the mean and upper and lower quartiles. Y-axis represents the 
number of effective species in a sample.  All CSF samples for this run had either their ca and cf fractions 
combined (n = 31) or were never separated prior to DNA extraction (n = 12). The effective species count 
is calculated from the Shannon diversity index representing the clonotype diversity. Mean clonotype 
diversity was 296 species (0 -9755 species). N = 43.  
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Figure 3-27. Predicted lymphocyte count by cytospin vs read count for sequence run 4 

Scatterplot of the predicted lymphocyte counts against the read counts (raw and usable reads) for the 
combined CSF fraction samples sequenced in run 4. X-axis is the number of lymphocyte cells found in a 
sample, y-axis is the read count. All CSF samples for this run had either their ca and cf fractions 
combined (n = 31) or were never separated prior to DNA extraction (n = 12). The predicted lymphocyte 
counts were calculated from the predicted cytospin cell counts and the cytospin cell differential 
percentages. Correlation between read counts and the predicted lymphocyte count were r2 = 0.83 (p< 
0.05) for raw reads and r2 = 0.87 (p< 0.05) for usable reads. n = 43.  
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Figure 3-28. DNA yields by cytospin vs read counts for sequence run 4 

Scatterplot of the DNA yields against the read counts (raw and usable reads) for the combined CSF 
fraction samples sequenced in run 4. X-axis is the DNA yield in ng/ul, y-axis is the read count.  All CSF 
samples for this run had either their ca and cf fractions combined (n = 31) or were never separated prior to 
DNA extraction (n = 12). Correlation between read counts and DNA yields were r2 = 0.74 (p< 0.05) for 
raw reads and r2 = 0.81 (p< 0.05) for usable reads. n = 43.  
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Figure 3-29. DNA yields vs clonotype count for all CSF sequenced for sequence run 4 

Scatterplot of the DNA yields against the clonotype count for the combined CSF fraction samples 
sequenced in run 4. X-axis is the DNA yield in ng/ul, y-axis is the clonotype count.  All CSF samples for 
this run had either their ca and cf fractions combined (n = 31) or were never separated prior to DNA 
extraction (n = 12). Correlation between clonotype count and DNA yields was r2 = 0.87 (p< 0.05). n = 43.  

 
Figure 3-30. Predicted lymphocyte by cytospin vs clonotype count for all CSF sequenced for sequence run 4 

Scatterplot of the predicted lymphocyte cell count against the clonotype count for the combined CSF 
fraction samples sequenced in run 4. X-axis is the lymphocyte count represented as number of cells, y-
axis is the clonotype count.   All CSF samples for this run had either their ca and cf fractions combined (n 
= 31) or were never separated prior to DNA extraction (n = 12). The predicted lymphocyte counts were 
calculated from the predicted cytospin cell counts and the cytospin cell differential percentages. 
Correlation between clonotype count and predicted lymphocyte count was r2 = 0.88 (p< 0.05). n = 43.  
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Figure 3-31. DNA yields vs clonotype diversity for all CSF sequenced for sequence run 4 

Scatterplot of the DNA yields against the clonotype diversity for the combined CSF fraction samples 
sequenced in run 4. X-axis is the DNA yield in ng/ul, y-axis is the clonotype diversity represented by the 
Shannon diversity index. All CSF samples for this run had either their ca and cf fractions combined (n = 
31) or were never separated prior to DNA extraction (n = 12). Clonotype diversity calculated as the 
Shannon diversity index (clonotype diversity). Correlation between clonotype diversity and DNA yields 
was r2 = 0.60 (p< 0.05). n = 43.  
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Figure 3-32. Predicted lymphocyte count by cytospin vs clonotype diversity for all CSF sequenced in sequence 
run 4 

Scatterplot of the predicted lymphocyte cell count against the clonotype diversity for the combined CSF 
fraction samples sequenced in run 4. X-axis is the lymphocyte count represented as number of cells, y-
axis is the clonotype diversity represented by the Shannon diversity index. All CSF samples for this run 
had either their ca and cf fractions combined (n = 31) or were never separated prior to DNA extraction (n 
= 12). Clonotype diversity calculated as the Shannon diversity index (clonotype diversity). Correlation 
between clonotype diversity and DNA yields was r2 = 0.60 (p< 0.05). n = 43. The predicted lymphocyte 
counts were calculated from the predicted cytospin cell counts and the cytospin cell differential 
percentages. Correlation between clonotype diversity and predicted lymphocyte count was r2 = 0.64 (p< 
0.05). n = 43.  
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Figure 3-33. DNA yields vs effective species count for all CSF sequenced for sequence run 4 

Scatterplot of the DNA yields against the effective species count for the combined CSF fraction samples 
sequenced in run 4. X-axis is the DNA yield in ng/ul, y-axis is the effective species count. All CSF 
samples for this run had either their ca and cf fractions combined (n = 31) or were never separated prior to 
DNA extraction (n = 12). The effective species count is calculated from the Shannon diversity index 
representing the clonotype diversity. Correlation between clonotype diversity and DNA yields was r2 = 
0.90 (p< 0.05). n = 43.  
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Figure 3-34. Predicted lymphocyte count by cytospin vs effective species count for all CSF sequenced in 
sequence run 4 

Scatterplot of the predicted lymphocyte cell count against the effective species count for the combined 
CSF fraction samples sequenced in run 4. X-axis is the lymphocyte count represented as number of cells, 
y-axis is the effective species count. All CSF samples for this run had either their ca and cf fractions 
combined (n = 31) or were never separated prior to DNA extraction (n = 12). The predicted lymphocyte 
counts were calculated from the predicted cytospin cell counts and the cytospin cell differential 
percentages. The effective species count is calculated from the Shannon diversity index representing the 
clonotype diversity. Correlation between effective species count and predicted lymphocyte count was r2 = 
0.86 (p< 0.05). n = 43.  
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Figure 3-35. Usable read count vs cytospin lymphocyte count (sequencing success ranges) for all CSF samples 
sequenced 

Scatterplot of the usable read counts plotted against the predicted lymphocyte counts by cytospin. 
Samples were binned by low lymphocyte counts (< 100), medium lymphocyte counts (100 – 1000), and 
high lymphocyte counts (>1000). Samples categorized by sequence success. Yes = samples that yielded 
ideal sequence data (large read and clonotype counts with high repertoire diversity). No = samples that 
yielded inadequate sequence data (low read and clonotype counts and low repertoire diversity). Maybe = 
samples with at least one or two of the ideal sequencing criteria. Calculated probabilities showed a 19% 
(20/103) for samples with below 100 lymphocytes, 58% (14/24) for samples with lymphocyte counts 
from 100-1000 lymphocytes, and 100% (14/14) for samples above 1000 lymphocytes. 
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Figure 3-36. Usable read count vs estimated hemocytometer lymphocyte count (sequencing success ranges) 
for all CSF samples sequenced 

Scatterplot of the usable read counts plotted against the estimated lymphocyte counts by hemocytometer. 
Estimated lymphocyte count was calculated using the hemocytometer count and the cytospin cell 
differential percentages. Samples were binned by low lymphocyte counts (< 100), medium lymphocyte 
counts (100 – 1000), and high lymphocyte counts (>1000). Samples categorized by sequence success. Yes 
= samples that yielded ideal sequence data (large read and clonotype counts with high repertoire 
diversity). No = samples that yielded inadequate sequence data (low read and clonotype counts and low 
repertoire diversity). Maybe = samples with at least one or two of the ideal sequencing criteria. Calculated 
probabilities showed a 21% (22/105) for samples below 10 lymphocytes/µL, 58% (14/24) for samples 
from 10 -100 lymphocytes/µL, and 100% (12/12) for samples with above 100 lymphocytes/µL. 
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Figure 3-37. The CSF characteristics for all CSF samples with a definitive diagnosis of inflammatory or non-
inflammatory disease 

Boxplots of the CSF characteristics (predicted lymphocyte count, usable read count, clonotype count, 
clonotype diversity and effective species count) for all CSF samples with a definitive diagnosis by PM 
categorized as inflammatory disease or non-inflammatory diseases. The box-and-whisker plot overlay 
indicates the mean and upper and lower quartiles. X-axis represents the PM diagnosis categorized by 
inflammation, y-axis is the CSF and NGS variables look at in descending order of predicted lymphocyte 
count by cytospin, total usable read count, clonotype count, clonotype diversity, and effective species 
counts. Primary inflammatory disease: inflammation; Non-inflammatory: neoplasia, malformation, 
degenerative, ischemic, traumatic, miscellaneous, epilepsy, metabolic. Samples included 43% (6/14) 
cases as inflammatory and 57% (8/14) as non-inflammatory. Inflammatory had significantly higher values 
for predicted lymphocyte counts, usable read count, and clonotype diversity (Shannon diversity) (p-values 
< 0.05). No significant difference for clonotype count and effective species count. 
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Figure 3-38. Total usable read count vs the total clonotype diversity of all PM CSF samples sequenced 
(categorized as inflammatory or non-inflammatory) 

The distribution of the usable read count’s vs the clonotype diversity for all CSF samples with a definitive 
diagnosis by PM categorized as inflammatory disease or non-inflammatory diseases. Primary 
inflammatory disease: inflammation; Non-inflammatory: neoplasia, malformation, degenerative, 
ischemic, traumatic, miscellaneous, epilepsy, metabolic. Samples included 43% (6/14) cases as 
inflammatory and 57% (8/14) as non-inflammatory. Clonotype diversity calculated as the Shannon 
diversity index (clonotype diversity). X-axis is usable reads; y-axis is clonotype diversity as Shannon 
diversity index. Higher read count and higher diversity samples on average for the inflammatory disease 
category.  
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Figure 3-39. Locus ratio vs average usable reads for all CSF samples sequenced (categorized by working 
clinical diagnosis) 

Scatterplot of the locus ratio between TRB and IGH against the average usable read count for all 
sequenced CSF samples categorized by clinical diagnosis. Samples with a clinical diagnosis that fell 
under two or more disease categories were given a number representing the number of disease categories. 
Yes = samples that yielded ideal sequence data (large read and clonotype counts with high repertoire 
diversity). No = samples that yielded inadequate sequence data (low read and clonotype counts and low 
repertoire diversity). The immunoglobulin heavy chain locus (IGH) was targeted for B cells and the T cell 
receptor beta locus (TRB) was targeted for T cells. Locus ratios were calculated by dividing the reads 
counts associated to each locus from each other and then log. Samples below 0 are TRB rich and samples 
above 0 are IGH rich. There were not enough samples of a particular disease category to determine a 
trend in regard to the locus ratio. n = 61.  
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Figure 3-40. Locus ratio vs average usable reads for all CSF samples sequenced with a definitive diagnosis 

Scatterplot of the locus ratio between TRB and IGH against the average usable read count for all 
sequenced CSF samples with a definitive diagnosis by PM analysis. Yes = samples that yielded ideal 
sequence data (large read and clonotype counts with high repertoire diversity). No = samples that yielded 
inadequate sequence data (low read and clonotype counts and low repertoire diversity). The 
immunoglobulin heavy chain locus (IGH) was targeted for B cells and the T cell receptor beta locus 
(TRB) was targeted for T cells. Locus ratios were calculated by dividing the reads counts associated to 
each locus from each other and then log. Samples below 0 are TRB rich and samples above 0 are IGH 
rich. Not enough data to find a trend. n = 14.  
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Figure 3-41. Locus ratio vs average usable reads for all CSF samples sequenced with a definitive diagnosis 
(categorized as inflammatory or non-inflammatory) 

Scatterplot of the locus ratio between TRB and IGH against the average usable read count for all 
sequenced CSF samples with a definitive diagnosis by PM analysis categorized as inflammatory or non-
inflammatory. Primary inflammatory: inflammation; Non-inflammatory: neoplasia, malformation, 
degenerative, ischemic, traumatic, miscellaneous, epilepsy, metabolic. Yes = samples that yielded ideal 
sequence data (large read and clonotype counts with high repertoire diversity). No = samples that yielded 
inadequate sequence data (low read and clonotype counts and low repertoire diversity). The 
immunoglobulin heavy chain locus (IGH) was targeted for B cells and the T cell receptor beta locus 
(TRB) was targeted for T cells. Locus ratios were calculated by dividing the reads counts associated to 
each locus from each other and then log. Samples below 0 are TRB rich and samples above 0 are IGH 
rich. Not enough data to find a trend for locus ratio. Showed that inflammatory diseases are associated 
with higher read counts. n = 14.  
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Figure 3-42. Locus ratio vs clonotype diversity for all CSF samples sequenced with a definitive diagnosis 
(categorized as inflammatory or non-inflammatory) 

Scatterplot of the locus ratio between TRB and IGH against the average clonotype diversity for all 
sequenced CSF samples with a definitive diagnosis by PM analysis categorized as inflammatory or non-
inflammatory. Primary inflammatory: inflammation; Non-inflammatory: neoplasia, malformation, 
degenerative, ischemic, traumatic, miscellaneous, epilepsy, metabolic. Yes = samples that yielded ideal 
sequence data (large read and clonotype counts with high repertoire diversity). No = samples that yielded 
inadequate sequence data (low read and clonotype counts and low repertoire diversity). The 
immunoglobulin heavy chain locus (IGH) was targeted for B cell and the T cell receptor beta locus (TRB) 
was targeted for T cells. Locus ratios were calculated by dividing the reads counts associated to each 
locus from each other and then log. Samples below 0 are TRB rich and samples above 0 are IGH rich. Not 
enough data to find a trend for locus ratio. Showed that inflammatory diseases are associated with higher 
clonotype diversities. n = 14.  
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Figure 3-43. IGH and TRB V gene subgroup usage for all CSF samples sequenced 

Boxplots of the V gene subgroup usage for the IGH and TRB locus for all CSF samples sequenced 
represented as the percentage found in a CSF sample. The box-and-whisker plot overlay indicates the 
mean and upper and lower quartiles. X-axis is in percentage, y-axis is the V gene subgroups. For the IGH 
locus 3 subgroups were identified and for TRB 23 unique V genes subgroups were identified. TRB shows 
the top 10 most abundant V subgroups found. IGH V genes had a varied distribution, while the TRB V 
genes were evenly distributed among the different specific genes. n = 61.  
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Figure 3-44. IGH and TRB J gene subgroup usage for all CSF samples sequenced 

Boxplots of the J gene subgroup usage for the IGH and TRB locus for all CSF samples sequenced 
represented as the percentage found in a CSF sample. The box-and-whisker plot overlay indicates the 
mean and upper and lower quartiles. X-axis is in percentage, y-axis is the J gene subgroups. For the IGH 
locus 10 subgroups were identified and for TRB 20 unique J genes subgroups were identified. TRB shows 
the top 10 most abundant J subgroups found. the IGH J genes had a varied distribution, while the TRB J 
genes were evenly distributed among the different specific genes. n = 61.  
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4 General summary and conclusion  

4.1 Context 

Central nervous system diseases can result in significant impairment and even death. 

Canine CNS diseases are a challenge to diagnose since different diseases can present with similar 

non-specific signs3. A full neurologic work-up including neurologic examination, imaging, 

serologic and cytologic testing can yield a clinical working diagnosis but is often insufficient to 

definitely identify the underlying disease process8,13,108. Therefore, a definite diagnosis for many 

canine CNS diseases relies on a postmortem histopathologic examination16,36,38. Our current 

shortfalls in reliably diagnosing canine CNS diseases impairs clinical decision making. 

Consequently, new diagnostic tools are needed.  

A readily available but potentially under-utilized sample material is CSF. Currently, CSF 

is primarily used for clinicopathologic evaluation, which can determine the magnitude and 

quality of inflammation. However, this type of analysis can neither determine the underlying 

cause nor the disease condition8,1315. A novel methodology that might help extract additional 

information from CSF lymphocytes is immune profiling. Immune profiling characterizes 

adaptive immune responses by NGS of LAR gene repertoires, which yields an ‘immunologic 

signature’ of a given sample79,81,87,91. Our central hypothesis is that etiologically distinct CNS 

diseases are associated with unique immune repertoires that can be harnessed for diagnostic 

purposes. 

This study aimed at determining the utility of immune profiling as an antemortem 

diagnostic tool for canine CNS diseases. To achieve this objective, the study first investigated the 

effect of different technical variables to optimize immune profiling of CSF samples from dogs 

with neurologic disease including predictors of sequencing success. Secondly, the study assessed 

immune repertoires from prospectively collected CSF samples from dogs with neurologic 

disease and correlated the data with clinical diagnosis, and histopathologic diagnosis. 
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4.2 To identify determinants for successful immune repertoire profiling from 
CSF of dogs with neurologic disease. 

The first objective of this study was to investigate the effect of different technical variables 

to optimize the immune profiling workflow for canine CSF samples. Specifically, the effect of 

sample fraction, whole genome amplification, carrier RNA for DNA extraction and the addition 

of FBS were investigated. We found no significant differences between sample fractions when 

comparing the sequencing output of ca and cf fractions. To maximize DNA recovery, use of the 

entire CSF sample without prior separation is hence advised. Furthermore, our results suggest 

that WGA increases DNA yield but not repertoire diversity and may lead to amplification bias 

resulting in the overrepresentation of specific clonotypes. Therefore, WGA does not offer any 

advantages to sequencing immune repertoires from canine CSF over the WGA-free protocol. 

Finally, we determined that the addition of FBS does not affect immune repertoire sequencing 

negatively and that the use of carrier RNA during DNA extraction can interfere with 

fluorometry-based quantification. Lastly, we showed that lymphocyte count is a good predictor 

of sequencing success.  

4.3 To characterize immune repertoires of CSF samples from dogs with 
neurologic disease and to correlate these data with working diagnosis and 
histopathologic diagnosis.  

The second objective of this study was to assess immune repertoires from prospectively 

collected CSF samples from dogs with neurologic disease.  

The first part of chapter 3 validated the results of chapter 2 using a larger sample cohort 

and showed that the lymphocyte abundance is indeed a good predictor variable to determine the 

odds of sequencing success for immune profiling. In addition, we found that when CSF samples 

with high lymphocyte counts were used, a high correlation between DNA yield and lymphocyte 

count and between DNA yield and total read count was seen. This implies DNA yield as a 

potential secondary predictor variable for sequencing success. 

In the second part of this chapter, we investigated the abundance of B versus T cell reads 

and characterized the V and J gene usage for the IGH and TRB loci. Unfortunately, neither 
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variable provided sufficient information to aid in diagnosing CNS diseases. However, the 

significance of these results is limited by the relatively low sample number and the lack of 

reference immune repertoire data in the dog. Furthermore, the data analysis has not been 

completed due to ongoing improvements of the data analysis platform. Future work will hence 

be directed at improving out bioinformatics pipeline and at increasing sample numbers. 

4.4 Limitations  

Limitations exist within the current study on immune profiling of CSF from dogs with 

signs of canine CNS diseases. Limitations involved both the technical considerations and the 

lack of knowledge available regarding the immune repertoires of dogs with CNS diseases.  

The first major limitation of this study was the small sample size. While the sample size 

was sufficient to determine the effect of certain technical variables, such as sample fraction and 

WGA, on sequencing success, it was insufficient to identify associations between immune 

repertoires and specific diseases. Results did indicate that immune profiling of CSF has higher 

potential for dogs diagnosed with inflammatory CNS diseases. However, there were not enough 

cases and insufficient information in regards to the definitive diagnoses to differentiate between 

specific inflammatory diseases, which is one of the main uses for which this new diagnostic tool 

is being developed. The best way to overcome this drawback is to continue to sequence CSF 

samples from dogs with different CNS diseases to create an immune repertoire database. The 

bigger the sample size becomes the higher the likelihood to identify potential non-specific 

clonotypes across different diseases categories and to maximize the chance of identifying disease 

specific repertoires.   

While the analysis of repertoire overlap has not been completed for this study, an 

anticipated limitation is that inflammation can lead to varying degrees of secondary tissue 

destruction with recruitment of lymphocytes directed against epitopes unrelated to the primary 

cause. Depending on the degree of inflammation, disease-specific LAR gene sequences might be 

outnumbered by nonspecific sequences. This could create sufficient noise to quench disease-

specific repertoires. To mitigate this pitfall, we tried to maximize the sequencing depth per 
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sample to detect rare clonotypes. In addition, further cases might have to be recruited to expand 

the pool of available sequence data.  

Finally, limitations exist regarding the technical considerations when using CSF as the 

sample medium. CSF is an ideal sample to test when looking at the CNS as it is the only bodily 

fluid that is found throughout the CNS and is used as a part of the neurologic examination to 

determine a working diagnosis. An increase in immune cells such as lymphocytes in CSF is a 

non-specific indicator for CNS diseases, which is perfect for immune profiling of LAR. 

However, CSF is known to be a low cellularity sample, which corresponds to low DNA yields. 

This was continuously seen across all CSF samples tested in this study. The issue with low DNA 

yields is that the yields can fall outside of the detection range of the capillary electrophoresis, 

which is used to verify the amplification of the DNA samples. Accordingly, there is potential to 

have capillary electrophoresis results that show false results of no DNA amplification. A positive 

control and a non-template control were used for every PCR run to ensure amplification. To 

further verify that the CSF samples were amplified a quantification of the DNA yields was done 

and compared to the pre-amplification original DNA yields before continuing on to the library 

preparation step for sequencing. 

A promising result to this study regarding CSF’s low cellularity was that the DNA yields 

did not have a high correlation with sequencing success. Samples with both high and low DNA 

yields in regard to the CSF values were both seen to be successful in sequencing LAR genes in 

some cases and not in others. It was observed that the lymphocyte abundance was more involved 

in the success of sequencing then the DNA yields. However, samples with high DNA yields and 

high lymphocyte counts had the best results. 

4.5 Significance and future directions  

The main significance of this study is the potential of a new, non-invasive, antemortem-

diagnostic tool for canine CNS diseases. Lymphocyte repertoires found in CSF are correlated to 

the repertoires found in other areas of the CNS71. Given the specificity of LARs for a specific 

ligand, etiologically distinct diseases must be associated with distinct immune repertoires. 

Therefore, immune profiling has the potential to help differentiate between diseases by grouping 
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canine CNS diseases based on common pathogenesis. With the increased availability and 

declining cost of NGS, immune profiling is becoming more readily available for use in 

veterinary medicine. Immune profiling of LAR genes from CSF has the potential to provide a 

new level of diagnosis, creating a new more precise antemortem diagnostic tool which would 

allow for faster and more disease-specific interventions, improving patient outcomes. The data 

obtained from this study could help start elucidating the poorly understood pathogenesis of many 

canine CNS diseases. In addition, this study has helped further our knowledge in the application 

of immune repertoires for diagnostic purposes as a whole. Finally, this study provides a broader 

proof of concept as the method could be applied to any organ system, disease, and species.  

4.5.1 Future directions  

Known immune repertoires associated to a specific disease allows for the comparison to a 

patient’s immune repertoire, where overlap can be used to diagnose disease 81. LAR gene 

sequences are usually unique to an individual; however, evidence shows LAR gene sequences 

for specific diseases such as infectious and autoimmune can be shared between 

individuals69,81,155. For example, specific LAR genes have been associated in humans to 

infectious organisms such as Epstein-Barr virus, Influenza virus A, Cytomegalovirus, and herpes 

simplex virus95,96,159,160,97–100,155–158. Currently, there is no published data on immune repertoires 

for inflammatory CNS diseases in dogs. Without this data, the magnitude of repertoire diversity 

and repertoire overlap between individuals within and between different canine CNS disease 

categories is unknown and immune profiling of CSF from dogs cannot be used as a diagnostic 

tool.  

Therefore, the immune repertoires collected in this study will be further analysed by a 

two-level data analysis. The collected LAR gene sequences will first be clustered in an 

unsupervised fashion using a principal component analysis. The clustered LAR genes will then 

be analysed for repertoire overlap and labeled by secondary clinical variables such as breed, 

histologic and clinical diagnosis (GME, NME, NLE), response to therapy, and survival time. 

This will further assess immune repertoires and correlate data with clinical diagnosis, response to 

treatment, outcome, and histopathologic diagnosis. Overlap in immune repertoire data between 

individuals with the same disease will provided data for diagnosing and prognosticating 
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inflammatory CNS diseases in dogs allowing for the development of a more precise antemortem 

diagnosis for canine CNS diseases. The more immune repertoires sequenced from additional 

future CSF samples across all canine CNS diseases the more accurate and precise immune 

profiling of canine CNS diseases will become.  

A parallel study investigating immune repertoires in tissues of dogs that died of 

inflammatory CNS diseases is currently underway in the Keller laboratory. This study is 

sequencing immune repertoires from archived postmortem CNS tissues from dogs with 

inflammatory CNS diseases. Associating specific immune repertoires to known diagnoses would 

help support the antemortem test on CSF.  

The long-term goal is to develop an easily assessible, more precise, non-invasive 

antemortem diagnostic tool for canine CNS diseases.  
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APPENDIX 

A. Dog breeds by size categories  

Dogs considered to be large breed: Great Dane, Bloodhound, Labrador Retriever, Belgian 
Malinois, Golden Retriever, Standard Poodle, Flat-coated Retriever, Poodle, Rhodesian 
Ridgeback, Rottweiler, Weimaraner, German Shepherd, Doberman Pinscher, Airedale Terrier, 
Vizsla, Old English Sheepdog, Bernese Mountain Dog, and Corso Cane. 

Dogs considered to be medium-sized breeds: Border Collie, Pit Bull, Shetland Sheep Dog, 
Boxer, German Short-Haired Pointer, Australian Shepherd, Brittany Spaniel, Portuguese Water 
Dog, and Lagotto Romagnolo.  

Dogs considered to be small or toy breeds: Pug, Maltese, Havanese, American Bulldog, Basset 
Hound, Chinese Crested Powder Puff, Airedale Terrier, Beagle, Shih Tzu, Chihuahua, Miniature 
Schnauzer, Miniature Poodle, Westie, Jack Russell Terrier, Toy Poodle, Apso Lhasa, Cocker 
Spaniel, Welsh Terrier, Miniature Dachshund, Boston Terrier, Yorkshire Terrier, French 
Bulldog, West Highland White Terrier, Coton Du Tulear, and Soft-Coated Wheaten Terrier. 
Dogs of unknown size were dogs of mixed breeds heritages.     

 

B. Primer set and synthetic template DNA sequences 

 

k9IGH_FR3_v3.2   
Forward: 

Primer Sequence 
k9IGHV-FR3a GCCGATTCACCVTYTCCAGAG 
k9IGHV-FR3b GACGCATCTCCATCACTGCTG 
k9IGHV1-30_204_F CACCCTGACAGCAGACACAT 
  

Reverse: 

Primer Sequence 
k9IGHJa TGAGGACACGAAGAGTGAGGT 
k9IGHJb TGAGGAGACRGTGACCAGGGT 
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k9TRB_v3.3   
Forward: 

Primer Sequence 
k9TRBV1_178F TCCCGTCCTGGAGCAGATTA 
k9TRBV3-1_181F CCAGGTCGTTTCTCACCTGA 
k9TRBV4-1_184F GGTCGCTTCTCACCTGAGTG 
k9TRBV5-2_179F TCCCGGCAAGATTCTCAGTG 
k9TRBV5-4_175F GACGTCTCCGCACGATTCTC 
k9TRBV7_183F CAAGACTCGGTTCTCTGCCA 
k9TRBV10_173F GAGACCTCTCCAATGGATACACA 
k9TRBV12-2_182F CCAAGGAACGGTTCTCAGCA 
k9TRBV15_184F GATAACTTCCAACCCAGCCG 
k9TRBV16_179F TGCCCACGCAGAGATTTTTA 
k9TRBV18_174F AGGAATGCCAAAGAAACGCT 
k9TRBV20_189F TGCAGCCAAGTTCCCTGTTA 
k9TRBV22_184F GGCTACAATGCTTCCCGAGA 
k9TRBV24_186F TGGGTACAGTGCTTCTCGAA 
k9TRBV26_183F TGAGGGGTATGATGTCTCTCGA 
k9TRBV28_181F CCTTATGGGTACAGTGTCTCGA 
k9TRBV29_190F GAGAAGTTTCCCATCAGCCG 
k9TRBV30_177F GACACCGCACAACTTCACAG 

 

Reverse: 

Primer Sequence 
k9TRBJ2-6_v3.2 GGACCGTGAGCCTGGTGCC 
k9TRBJ1-2_v3.2 TCCACCTTACCTACAACTGTCAGC 
k9TRBJ1-6_v3.2 TCACGGTGAGCCTGGTGCC 
k9TRBJ2-1_v3.2 CCTAGGACGGTGAGCCGGG 
k9TRBJ1-1_v3.2 ACCTATAACTGTGAGCCTGGTGCC 
k9TRBJ1-4_v3.2 ACCCAAGACAGAAAGCTTGGTTCC 
k9TRBJ1-3_v3.2 GTACTTACCTACAACAGTGAGCCG 
k9TRBJ2-3_v3.2 CGAGCACGGTCAGCCGGG 
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stDNA 

Template Sequence 

IGHV1-30_IGHJ4 

GAGGTCCAGCTGGTGCAGTCTGGGGCTGAGGTGAAGAAGCCAGGGGCATCT
GTGAAGGTCTCCTGCAAGACATCTGGATACACCTTCATTAACTACTATATGAT
CTGGGTACGACAGGCTCCAGGAGCAGGGCTTGATTGGATGGGACAGATTGA
TCCTGAAGATGGTGCCACAAGTTATGCACAGAAGTTCCAGGGCAGAGTCACC
CTGACAGCAGACACATCCACAAGCACAGCCTACATGGAGCTGAGCAGTCTGA
GAGCTGGGGACATAGCTGTGTACTACTGTTCGCCTTATCGCCTTATGGGGCC
AGGGAACCCTGGTCACCGTCTCCTCAG 

IGHV1-30_IGHJ6 

GAGGTCCAGCTGGTGCAGTCTGGGGCTGAGGTGAAGAAGCCAGGGGCATCT
GTGAAGGTCTCCTGCAAGACATCTGGATACACCTTCATTAACTACTATATGAT
CTGGGTACGACAGGCTCCAGGAGCAGGGCTTGATTGGATGGGACAGATTGA
TCCTGAAGATGGTGCCACAAGTTATGCACAGAAGTTCCAGGGCAGAGTCACC
CTGACAGCAGACACATCCACAAGCACAGCCTACATGGAGCTGAGCAGTCTGA
GAGCTGGGGACATAGCTGTGTACTACTGTCTAGTACGCCTCTCTGCCTCTCTG
CTAGTACGTGGGGCCATGGCACCTCACTCTTCGTGTCCTCG 

IGHV3-1_IGHJ4 

GAGGTGCAGCTGGTGGAGTCTGGGGGAGACCTGGTGAAGCCTGGGGGGAC
CTTGAGACTGTCCTGTGTGGCCTCTGGATTCACCTTTAGTAGCTATGACATGA
GCTGGGTCCGTCAGTCTCCAGGGAAGGGGCTGCAGTGGGTCGCAGTTATTT
GGAATGATGGAAGTAGCACATACTACGCAGACGCTGTGAAGGGCCGATTCA
CCATCTCCAGAGACAACGCCAAGAACACGCTGTATCTGCAGATGAACAGCCT
GAGAGCCGAGGACACGGCCGTGTATTACTGTGCTTCTGCCTTTCTGCCTGCTC
AGGATTCTGCCTGCTCAGGAGCTCAGGATTCTCTGGGGCCAGGGAACCCTGG
TCACCGTCTCCTCAG 

IGHV3-1_IGHJ6 

GAGGTGCAGCTGGTGGAGTCTGGGGGAGACCTGGTGAAGCCTGGGGGGAC
CTTGAGACTGTCCTGTGTGGCCTCTGGATTCACCTTTAGTAGCTATGACATGA
GCTGGGTCCGTCAGTCTCCAGGGAAGGGGCTGCAGTGGGTCGCAGTTATTT
GGAATGATGGAAGTAGCACATACTACGCAGACGCTGTGAAGGGCCGATTCA
CCATCTCCAGAGACAACGCCAAGAACACGCTGTATCTGCAGATGAACAGCCT
GAGAGCCGAGGACACGGCCGTGTATTACTGTGAGGAGTCCGTAGAGAGAGG
AGTCCAGCGTAGCCATGCCTAAGGAGTCCCAGCCTCGGTAGAGAGAGCGCT
GGGGCCATGGCACCTCACTCTTCGTGTCCTCAG 

IGHV4-1_IGHJ4 

GAACTCACACTGCAGGAGTCAGGGCCAGGACTGGTGAAGCCCTCACAGACC
CTCTCTCTCACCTGTGTTGTGTCCGGAGGCTCCGTCACCAGCAGTTACTACTG
GAACTGGATCCGCCAGCGCCCTGGGAGGGGACTGGAATGGATGGGGTACTG
GACAGGTAGCACAAACTACAACCCGGCATTCCAGGGACGCATCTCCATCACT
GCTGACACGGCCAAGAACCAGTTCTCCCTGCAGCTGAGCTCCATGACCACCG
AGGACACGGCCGTGTATTACTGTAAGGAGTAACTGCATAACTGCATACTAAG
CCTAAGGAGTATGGGGCCAGGGAACCCTGGTCACCGTCTCCTCAG 

IGHV4-1_IGHJ6 

GAACTCACACTGCAGGAGTCAGGGCCAGGACTGGTGAAGCCCTCACAGACC
CTCTCTCTCACCTGTGTTGTGTCCGGAGGCTCCGTCACCAGCAGTTACTACTG
GAACTGGATCCGCCAGCGCCCTGGGAGGGGACTGGAATGGATGGGGTACTG
GACAGGTAGCACAAACTACAACCCGGCATTCCAGGGACGCATCTCCATCACT
GCTGACACGGCCAAGAACCAGTTCTCCCTGCAGCTGAGCTCCATGACCACCG
AGGACACGGCCGTGTATTACTGTGTGCCTCTTTCCTCTACTAGATCGCCTCTCT
ATTATCCTCTAGAGTAGAGTAAGGAGTAGATCGCTATCCTCTGTAAGGAGTC
CTCTACCTGGGGCCATGGCACCTCACTCTTCGTGTCCTCAG 
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