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ABSTRACT OF THESIS

CanidPredict: A Platform for

Prediction and Visualization of traits using Canid methylomes

by

Ponmathi Chamundeswari Ramasamy Jayaseelan

Master of Science in Bioengineering

University of California, Los Angeles, 2022

Professor Matteo Pellegrini, Chair

Studies of canid epigenetics can shed light on the relationship of the DNA methylome and

mammalian longevity. The strong link between human and domesticated dog biology motivates

the use of canids as a model for studying aging. Previous studies have examined factors such as

age, sex, and weight and their associations with targeted bisulfite sequencing data using

multivariate machine learning models. Creating visualization tools of these models facilitates

community use of these resources. In this thesis, we describe an R-based web application

platform (Shiny) that executes regression and classification models designed using buccal swab

data obtained from 217 samples from previous studies. We developed CanidPredict, which

allows users to upload their individual samples using either a CGMap file or a calculated
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methylation matrix and view predictions regarding age, sex, weight, sterilization status, and

behavioural status as well as the general model performance for each trait. In addition, the goal

of CanidPredict was to also create an application design which is user-friendly, can be used both

on a server or locally, and can be scaled up to include further raw file formats and additional trait

associations. CanidPredict is available at https://singlecell.mcdb.ucla.edu/DogAge/.
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1. Introduction

Computational tools to understand mammalian longevity are vital for studies of human health

and disease. In order to better understand mammalian aging, DNA methylation is often used, as

it is a form of epigenetic modification of the genome which shows patterns that change

throughout a lifespan. In mammals, these patterns allow for the creation of epigenetic clocks, or

age estimation methods, which have been well-established and widely used to study aging and

potential aging interventions [1]. Canines can be a useful model for the study of methylation

changes across a lifespan. Canine epigenetics are important in understanding lifespan due to

similar development, aging processes, and life stages between humans and Canis lupus familiaris

(domesticated dogs) [2]. The variation in traits in dogs significantly impacts canine lifespan. For

instance, variation in traits such as weight and reproductive capability has been studied as

important factors of aging in dogs [3]. More recently, researchers have seen that dog breed is not

necessarily a predictor of behavior. A genetic analysis of over 18000 canines found several

regions of the genome associated with behavioral tendencies, refuting the idea that breeds dictate

certain traits [4].

Thus, the relationship between canid epigenetics and traits is a key point of study. Using targeted

bisulfite genomic sequencing, a method of methylation measurement which provides information

about a set of loci in the genome, previous studies have been able to obtain DNA samples from

dogs and wolves in a minimally invasive manner. From this high dimensional data set,
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researchers can then predict traits such as age, sex, and weight for individual samples to show

how the consistently changing methylome is affected by these traits [5].

While previous studies have shown how multivariate machine learning models can be applied to

methylation data, platforms for visualization of these models are not yet available. For

experimentalists wanting to run these models in a fast and user-friendly environment,

visualization platforms can greatly aid basic research. For this thesis project, a web application to

generate visualizations from user-uploaded methylation data was created to further advance

research in canine epigenetics.

2. Background

2.1 Measuring the impact of factors on canid epigenomes

In a previous study by Rubbi et al., they developed prediction models for aging biomarkers using

DNA methylation profiles measured through buccal swabs from several canid breeds [5]. Using

targeted bisulfite sequencing from buccal swabs, they measured DNA methylation profiles and

also collected data regarding age, sex, weight, and sterilization status, of each dog. These factors

in particular are important to consider as previous work has shown them to influence the lifespan

of dogs. For example, higher body weight and larger breeds were previously shown to age more

rapidly [6]. In an epigenome-wide study, body mass index (BMI) was also seen as a factor

associated with methylation, showing how environmental state impacts the methylome [7].

Furthermore, in a study by Hoffman et al. looking at the mechanism behind cost-of-reproduction
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in dogs, they showed the impacts of reproductive capability on age at death, and how

sterilization played a role in increasing lifespan [8]. Once data regarding these factors were

collected, Rubbi et al. successfully associated methylation status to traits by training various

prediction models and validating them through leave one out cross validation. In addition, they

were able to identify single nucleotide polymorphisms (SNPs) and performed hierarchical

clustering to construct genetic relationships from the samples.  These studies motivate further

research into the relationship between phenotype and genotype and the methylome.

2.2 CanidPredict

In this thesis project, we aimed to supplement current studies determining the ability of canid

epigenomes to predict the aforementioned factors by introducing a visualization and modeling

tool for researchers in this field. To do so, we developed CanidPredict, a web application

platform using R Shiny (v1.7.1) which predicts the traits of user uploaded individual samples

using various regression and classification-based machine learning models [9,10]. Equipped to

predict age, sex, weight, sterilization status, behavioural traits, as well as genetic relationships in

a phylogenetic tree, CanidPredict provides users with visualization of these models as well as a

gauge of prediction error.

In addition, for increased accessibility for users, CanidPredict also provides the option to

calculate methylation matrices using CGmap files, a standard file format in the field. When

methylation data is uploaded, users are provided with average coverage and data quality
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information as well as internal filtering of the methylation sites based on coverage. The

CanidPredict platform provides researchers a visualization of current traits and their impacts on

the methylome, and as well as a framework that can be expanded to include future options for

trait prediction (Figure 1).

Figure 1: Application Workflow Diagram

3.  Results

3.1 Data Collection and Processing

Methylation data from 217 canids (207 buccal swab samples from dogs and 10 blood samples

from gray wolves) was collected in Rubbi et al. After DNA extraction from the buccal swab or
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blood sample, targeted bisulfite sequencing (TBS-seq) was performed using a NovaSeq6000 to

obtain the methylome data. The steps undertaken by Rubbi et al. after the FASTQ files were

obtained were to first use cutadapt for adapter removal. Additionally, the files were aligned to the

canfam4 genome and call methylation was performed. The Align function and the

CallMethylation function in BSBolt (v1.3.0) [11], a python-based software platform for bisulfite

analysis which uses the BWA for read alignment, were utilized. Rubbi et al. then used the

weighted average of CpG methylation near the probe center in order to determine the probe

region DNA methylation values. This resulted in the aggregate matrix of the samples’

methylation levels at each site, containing 217 samples and 5609 methylation sites, which we

then filtered and used to fit the models for prediction and classification.

3.2 Prediction Models Design

We designed several prediction and classification machine learning models to determine

behavior traits from the aggregate methylation matrix to integrate into CanidPredict. The

prediction models used either LASSO regression or Partial Least Squares Regression and the

classification models used either logistic regression or support-vector machine (SVM). The

models for each trait were chosen based on performance results in previous literature. Some

models, such as the sterilization status classifier, required trials using multiple models due to the

imbalanced class size to determine the model with the best performance.
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Age prediction - In order to build the age prediction model, the R package ‘glmnet’ (v4.1.0) was

used to train and validate a LASSO regression model [12]. The aggregate methylation matrix

was then filtered by removing 17 of the samples with the lowest average counts as well as all

columns of methylation sites with missing values, leaving a new matrix of 200 samples and 2642

methylation regions. The new matrix was then input into the function cv.glmnet with a k-fold

parameter of 10, with the age in years set as the target variable. The weights, lambda value, and

other parameters were all kept at their default values of ‘null’. The gamma argument, the value

for balance between relaxed and regularized fitting, was specified as the default vector of values

(0, 0.25, 0.5, 0.75, 1). In order to obtain individual sample predictions, Leave One Out Cross

Validation (LOOCV) was used by repeating the process in a loop and setting aside a different test

sample each time. The test sample was input into the function cv.glmnet.predict, with the values

for the penalty parameter set to both the lambda of the cross-validated minimum mean error

(lambda.min) and the greatest lambda within one standard error of cross-validated errors of

lambda.min (lambda.1se). This model is then saved as an .RData file and uploaded to the server.

Sex classification - The sex classifier was built using the logistic regression model from

‘glmnet’ [12]. After removing the same samples and sites as for the age prediction, the cv.glmnet

function was used with the family parameter set to ‘binomial’ to denote logistic regression with

sex classes (‘1’ for female; ‘0’ for male) set as the target variable. Using the same parameters as

those for the age prediction as well as the nested LOOCV method for individual sample
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prediction, the sex classifier was constructed and validated. This model is then saved as an

.RData file and uploaded to the server.

Weight prediction - The LASSO regression model for weight prediction was built using the

same functions from ‘glmnet’ and parameter specifications as the age prediction model. The

model was trained on the same matrix of 200 samples and 2642 methylation sites using LOOCV,

but instead the weight in pounds was set as the target variable. This model is then saved as an

.RData file and uploaded to the server.

Behavior prediction - For behavior prediction, PLSR models for various behavior traits from

responses to the Canine Behavioral Assessment and Research Questionnaire (C-BARQ) were

constructed using the R library ‘pls’ (v2.8.0) [13]. The C-BARQ questions are a standardized

tool specifically developed for behavioral evaluation and study of prevalence of behavioral

issues in dogs [14] The values of the responses ranged from 0-4. Using the same matrix of 200

samples and 2642 methylation sites, each model was created using nested LOOCV, setting the

target variables as each of the behavior traits and the scaling option to true. For prediction, the

number of components to be used in fitting the model was set to 2 after various trials. We

selected behavior traits with the highest model correlation coefficients: attachment and attention
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seeking behavior (R=0.424), energy level (R = 0.449), and stranger-directed fear (R=0.36). This

model is then saved as an .RData file and uploaded to the server.

Sterilization status classification - The sterilization classifier was created using a SVM model

using R library ‘e1071’ which uses the ‘libvm’ package [15,16]. Based on the steps used in

building a SVM classifier using scikit-learn by Rubbi et al., additional low-read sites were

removed so that the new matrix had 2420 sites remaining. As the model was performing

successfully at prediction using all female samples rather than all male samples or the full

sample set, the model was constructed using only the 77 female samples. This is consistent with

the steps Rubbi et al. took to build their SVM classifier, as they concluded that the hormonal

changes due to sterilization may impact the female epigenome to a greater extent than the male

epigenome [5]. The dataset further contained imbalance classes  (‘1’ for spayed; ‘0’ for intact) ,

with the spayed class and intact classes containing 68 samples and 9 samples respectively. In

order to correct for this, oversampling was performed on the dataset using the ovum.sample

function from the R library ‘ROSE’ [17]. The model was first tuned using the tune function in

‘e1071’ with a vector of values 0.001,0.01,0.1,1 for gamma, values 0.01,0.1,1,10,100 for cost

and a radial kernel in order to find the optimal parameters. From the tuning, a gamma value of

0.001 and a cost of 10 were determined. Using a LOOCV nested loop, the model was built using

those gamma and cost values, the oversampled data, and with the option for scaling turned off.

This model is then saved as an .RData file and uploaded to the server.
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3.3 Application Design

To create the app CanidPredict, we used the Shiny package, a web application creation

framework within R [9]. We aimed for users to have easy access to CanidPredict, and thus the

app is hosted on a readily available server (https://singlecell.mcdb.ucla.edu/DogAge), with the

individual models and sample data used available on a Github repository

(https://github.com/mathrj/CanidPredict).

The app was designed with the user’s ease and understanding as the main priority. The overall

app layout is as shown below (Figure 2). With the multiple tab options such as homepage with

simple instructions, an example output page, an upload page, as well as tabs for each of the

models at the top of the page, the layout of the main panel results in a minimal and clean look. In

addition, the example data tab provides examples of what the results in each of the modeling tabs

will look like after uploading a sample file. The example file is linked on the side panel of this

page for the user to download and try on their own. The example tab for the ‘Age’ option is

shown in Figure 3.

In addition, this information can be found in the “Further Documentation” tab which links to a

tutorial on the Github repository.
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Figure 2: Application Layout

Figure 3: Age Plot using Example Data for User Reference

3.4 App Upload Page and Preprocessing
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3.4.1 Data upload and Permitted File Formats

Under the “Upload Sample” tab, the user will see a file upload box in the sidebar panel. Here the

user can access their local files and select the sample file of their choice to the application. The

max size of uploaded files is 30 MB. In addition, the file upload box requires data

files in the following formats: comma-separated values (.csv) or DNA methylome CGmap file

format (.CGmap). If an incorrect file extension is used, the application will display an error

"Invalid file; Please upload a .csv or .cgmap file".

CGmap files are a standard file format which provides information about DNA methylation level

of covered cytosines on a reference genome [18]. Examples of parts of the CGmap file or .csv

file for an expected sample are shown below in Figure 3 and 4.

Figure 3: Example of the contents of a CGmap file of an English Springer Spaniel. The columns

in the file from left to right are as follows: query template name, nucleotide on the reference

genome, mapping position, dinucleotide follows, methylation level, read counts of methylated

cytosines, and read counts of all cytosines [18].
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V1 V2 V3 V4 VX

1 DogWolf00110_S1

05.CGmap

0.074626866 0.91609589 0.160997732 …

Figure 4: Example of the proper format of a methylation matrix contained in a .csv file of an

English Springer Spaniel. The first column, V1, has the filename, and the following columns

pertain to each of the methylation sites.

When the sample inputs are uploaded, a summary of the sample methylation such as mean,

maximum, and minimum are displayed, in addition to the number of sites with unavailable data

which will either be deleted or imputed (Figure 5). User sample inputs are filtered automatically

based on sites with the highest coverage and then remaining missing values are imputed using R

package ‘mlr’ (v2.19.0) using the mean imputation method [19]. For the sterilization status

classification, imputation is performed using the R package ‘Hmisc’ (v4.6.0) using the mean

imputation method [20].
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Figure 5: Sample Upload page after user file has been uploaded and the resulting summary

information is processed.

3.5 Modeling Tabs

3.5.1 Age Prediction Model Tab

In this tab, after the user uploads a single sample, a scatter plot of the actual age (in years) from

the database used in training the models versus the predicted ages obtained from the model is

displayed. The layout of the tab after the application has processed is shown in Figure 6. A linear

regression line is shown in blue with the 95% confidence interval shown as shading.

Furthermore, when the user’s sample is run through the age prediction model, the predicted age

for their sample is shown as a horizontal dashed line (in red) with the value in the plot’s legend.
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From this, users can not only see the predicted age of their sample, but also the ages of other

samples from the database of similar predicted age which provides a rough estimate of model

error.

Figure 6: Sample age prediction tab (Female French Bulldog of actual age 1.9 years).

3.5.2 Sex Classification Model Tab

In this tab, after the user uploads a sample, a violin plot of the actual sex from the database used

in training the models versus the predicted sex for each sample obtained from the logistic

regression model is displayed. The layout of the tab after the application has processed is shown

in Figure 7. Furthermore, when the user’s sample is run through the sex classification model, the

predicted sex for their sample is shown as a horizontal dashed line (in red) with the value and

classification as male or female in the plot’s legend. From this, users can see the classified sex of
14



their sample, and also the distribution of the predicted values for both female and male samples

in the database.

Figure 7: Sample sex prediction tab (Female French Bulldog).

3.5.3 Weight Prediction Model Tab

Similar to the age prediction model tab, the output layout of this tab is a scatter plot of the actual

weight (in pounds) from the database used in training the models versus the predicted weights

obtained from the model (Figure 8).  Like the previous tab, the linear regression line goes

through the plot (in blue) with the 95% confidence interval shown as shading and the predicted

weight for the user’s sample is shown as a horizontal dashed line (in red) with the value in the

plot’s legend.
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Figure 8: Sample weight prediction tab (Female French Bulldog with a weight of 26 pounds).

3.5.4 Sterilization Status Classification Model Tab

In this tab, users can classify the sterilization status of their samples. After the application

processes their uploaded sample using the SVM model, a confusion matrix is displayed of the

predicted and actual spayed versus intact counts as shown in Figure 9. Above the matrix, the

classification output for the single sample is shown as ‘Spayed’ or ‘Not Spayed’. In addition, as

the model only uses the female samples from the database, a warning is displayed to the user

about the validity of the model predictions.
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Figure 9: Sample spay prediction tab (Female French Bulldog that is not spayed).

3.5.5 Behavior Traits Prediction Model Tab

In the behavior traits model tab, three scatter plots for each behavior trait model are displayed

(Figure 10). For each trait, the plot shows the actual value from the database used in training the

models versus the predicted values obtained from the PLSR model. The traits included are the

ones with the highest correlation seen during modeling, “Attachment/attention-seeking”,

“Energy”, and “Stranger-directed Fear.” Descriptions of the traits taken from the C-BARQ

website, the standard data source of dog behavioral traits, are listed as the subtitles of the

scatterplots for the users’ reference. For the chart axes, we mapped quantitative questionnaire

responses (i.e., 0-4) to categorical values (“Low”, “Mid”, “High”). Similar to the other tabs, the

linear regression line goes through each plot (in blue) with the 95% confidence interval shown as
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shading and the predicted value for the user’s sample is shown as a horizontal dashed line (in

red) with the value and categorization as “Low”, “Mid”, or “High”  in the plot’s legend.
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Figure 10: Sample behavior prediction tab showing outputs for “Energy level” and “Attachment

and attention-seeking” behaviors (example for  “Stranger-directed Fear” behavior is not shown).

3.5.6 Extended functionality

CanidPredict additionally can be extended to include processing of genotype data.

Phylogenetic tree - After the user uploads a genotype sample, it is added to a genotype matrix of

all the dogs and wolves in the database and then the application will impute the data using

weighted k-nearest neighbors based library in R ‘scrime’(v1.3.5) [21]. After imputation, the

application will then calculate the genetic distance using the R library ‘NAM’ (v1.7.3) and apply

hierarchical clustering [22]. Utilizing the ‘ape’ (v5.6.2)and ‘ggtree’ (v3.2.1) packages in R, a

phylogenetic tree of the breeds in the database will be generated with the user’s sample

highlighted in red. However, in its current state, this tab is conceptual and outside of the scope of

this thesis project (Figure 11).

20



Figure 11: Example of the phylogenetic tree generated using genotype data. Users can also have

the customization options of the number of tree branches or the branch width.
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3.6 Application Testing and Performance Testing

In order to fine-tune the application and find regions of improvement for future iterations, the

overall efficiency of CanidPredict was profiled using the R package ‘profvis’ (v0.3.7) [23]. By

running the app through the profvis function, memory profiling and information about resource

allocation such as memory used and time required can be obtained. This test was performed on

the RStudio server (singlecell.mcdb.ucla.edu/dogagepred), which uses R version 3.6.3 running

on Ubuntu. The result of the initial profvis test showed that running the app workflow from

upload to analysis uses 874.5 MB memory allocation and 901.6 MB memory deallocation for a

total time of 2840 ms. Generally, when there is great allocation without deallocation, it could

possibly be due to a memory leak, but profvis shows little evidence of this. The aspects of the

app which take the longest to run are seen in the profvis profile. In this case, in the Sterilization

Status tab, the preprocessing step in which methylation sites in the sample were deleted took the

longest time to complete (650 ms) when compared to the other functions in the backend.

4. Discussion

As further research uncovers how trait variation and the epigenome are associated, development

of models for prediction and classification gain in importance. While previous mammalian

studies in epigenetics and aging have been focused on mice or humans, using dogs as a model

organism is advantageous for studying methylomes [24]. In the study conducted by Morril et al.,

they concluded that behavioral traits in dogs are a result of polygenic adaptation and stressed the

relevance of using dog models for studies on genetic discovery [4].
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R Shiny apps for interactive visualization of biological data are growing in popularity for

analyzing large datasets, such as single cell RNA-Seq data, and take advantage of the plethora of

statistical libraries in R [25]. Particularly, in the field of epigenetics, R Shiny apps have been

applied to analyze DNA methylation and chromatin accessibility features [26]. The CanidPredict

app provides users with visualization of how the model predicted other samples from the

database when compared to their samples. An important future step is to consider how robust

these models are to low count data, and how they respond to samples with low coverage. Further

tests on sample inputs with sparse data can be conducted in order to answer these questions.

A further goal in the overall study of lifespan in dogs is to increase sample sizes, which can

improve model validation and prediction performance. Using this non-invasive method of data

collection utilizing buccal swabs, tests can be made available to the general public allowing for

further research in the field of canid epigenetics and lifespan in the future. It should be noted that

the wolf data used in creating the models was actually obtained from blood samples rather than

buccal swabs, but the age prediction model still performed accurately. These results can possibly

be proof of principle suggesting that these models can be applied to wolf epigenome data

previously collected from blood samples and not limited to buccal swab samples [5]. Previous

studies have also confirmed the validity of using both blood samples and saliva samples for

obtaining DNA methylation profiles. [27]. These methods of easier data collection will allow for

greater sample sizes for future studies. In addition, the CanidPredict app can also be made

23



accessible to the public, providing users with trait information about their sample in regards to

previously collected data.

4.1 Future Directions

Ongoing improvement in creating visualization tools for prediction and classification of traits is

important to the field of dog epigenetics. An important aspect to CanidPredict is that in its

current state, it can be scaled up to include various other prediction models and options for user

customization in the future. In the future, CanidPredict can further be extended significantly to

provide users with functionalities such as interfacing the platform with the BSBolt software so

users can have the option to upload FASTQ files and have the genotype matrices internally

constructed or to upload their own. Using the BSBolt CallVariation function and variant

aggregation, similar downstream options can be applied to a FASTQ file. This will allow users to

directly upload FASTQ files. Currently, using a sample in a genotype matrix form is permitted in

order to create a phylogenetic tree. This option can further the user-friendliness of the app as well

as reproducibility of results.

Furthermore, buccal swab data is not limited to the traits that are currently explored in

CanidPredict. An interesting addition would be to use the FASTQ data from BSBolt to model

bacterial associations and health in dogs, as information regarding the canine oral microbiome

can also be obtained through buccal swabs. There is strong variation in bacterial populations in
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the canine oral microbiome, with each oral niche offering distinguished microbiota [28].

Particularly, this would be important as breed size and age of dogs are risk factors for periodontal

disease, which is the leading oral disease in dogs [29]. The association of DNA methylation

profiling with health status in dogs has further been researched in previous studies, specifically

in canine lymphoma. Genome-wide methylation studies have shown that specific patterns in

DNA hypermethylation could be traced in canines with high-grade B-cell lymphoma [30,31].

Further study into identifying specific methylation patterns in canine disease can guide future

development in creating applications modeling and predicting disease risk.
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