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Abstract

Methylation Imputation from HM450K Array to EPIC Array
with Autoencoder and Nonnegative Matrix Factorization

By Yang Shen

DNA methylation is an essential epigenetic modification that plays a crucial role in gene
expression regulation and cellular differentiation. DNA methylation profiling has been widely used
in research to determine the development of various human diseases, including cancer,
cardiovascular disease, and neurological disorders. The HumanMethylation450K (HM450K)
arrays and the Enhanced DNA Methylation Profiling (EPIC) arrays are two commonly used high-
throughput technologies that enable genome-wide DNA methylation profiling. The HM450K array
covers approximately 450,000 CpG sites, while the EPIC array covers more than 850,000 CpG
sites, and there's an overlap of around 440,000 CpG sites between the two arrays. In this study, our
goal is to impute methylation levels from the HM450K array to the EPIC array to circumvent the
need for expensive re-measurement using the EPIC array when HM450K array data is already
available. Convolutional autoencoders and nonnegative matrix factorization (NMF) are both
machine-learning techniques that are commonly used in the analysis of large-scale genomic data.
Our approach involved using a convolutional autoencoder and an NMF model to capture the latent
structure in the DNA methylation data and generate imputed values for all CpG sites in the EPIC
arrays. We mainly focused on chromosome 18 to simplify our model. The overall RMSE was
0.0196, which was better than 0.04 from a simple linear regression model with nearby CpG sites.
Our model was highly adaptable to other chromosomes and could easily adjust the dimensions of

the results obtained from autoencoders to accommodate different chromosome sizes.
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1. Introduction

DNA methylation is an essential epigenetic modification that plays a crucial role in gene
expression regulation and cellular differentiation. In recent years, advances in DNA methylation
profiling technologies have led to significant progress in understanding of the epigenetic basis of
human diseases. DNA methylation profiling has been widely used in research to determine the
development of various human diseases, including cancer!, cardiovascular disease?, and
neurological disorders®. These technologies have enabled researchers to identify specific DNA
methylation patterns that are associated with disease onset and progression, thereby providing
valuable insights into disease mechanisms and potential targets for therapeutic intervention®.
Additionally, DNA methylation profiling can also be used for disease diagnosis and prognosis, and
monitoring treatment response. As such, it has become an important tool in the field of
personalized medicine™®.

The HumanMethylation450K (HM450K) arrays’ and the Enhanced DNA Methylation Profiling
(EPIC) arrays® are two commonly used high-throughput technologies that enable genome-wide
DNA methylation profiling. These technologies provide a comprehensive view of DNA
methylation patterns across the entire genome, allowing for the identification of differentially
methylated regions. The HM450K array covers approximately 450,000 CpG sites, while the EPIC
array covers more than 850,000 CpG sites, providing a larger coverage and resolution of the
epigenome, and there's an overlap of around 440,000 CpG sites between the two arrays. With the
increasing availability of these high-throughput technologies, there is a growing need for efficient
methods to analyze and integrate the data obtained from different platforms to gain a deeper
understanding of the epigenetic mechanisms underlying disease.

Our goal is to impute methylation levels from the HM450K array to the EPIC array to circumvent



the need for expensive re-measurement using the EPIC array when HM450K array data is already
available. There have been several studies focused on this. The penalized functional regression
(PFR) method’ was developed for imputation from HM27K to the HM450K array. The CpG
impUtation Ensemble (CUE)'? used both statistical and machine learning methods, to impute from
the HM450K to the EPIC array. However, it can only impute 85.4% EPIC only CpG sites in its
case study. These methods only focused on the EPIC only CpG sites. Our approach involved using
a convolutional autoencoder!! and an nonnegative matrix factorization'? to capture the latent
structure in the DNA methylation data and generate imputed values for all CpG sites in the EPIC

arrays.

2. Method

2.1 Data Pre-processing

We used a total of 172 patients who had both HM450K and EPIC data. In order to avoid potential
biases, we removed duplicate observations from the same patient and randomly assigned the
remaining 172 observations into a training dataset consisting of 155 patients and a testing dataset
consisting of 17 patients. To simplify our models and reduce the cost of training models, all
experiments were based on chromosome 18. We also removed CpG sites with partially missing
methylation levels, resulting in 5,594 CpG sites on chromosome 18 from the HM450K dataset and
13,173 CpG sites from the EPIC dataset, and there’s an overlap of 4,933 CpG sites between the
two arrays. To facilitate analysis, we standardized the methylation levels of each CpG site by
subtracting the minimum value and dividing by the range, transforming the beta values to the

whole standardized scale ranging from 0 to 1. To capture local information, we re-sorted all CpG



sites according to their locations on chromosome 18.

2.2 Dimension reduction: Convolutional Autoencoder

Autoencoder is a type of neural network architecture that can be used for unsupervised learning.
An autoencoder consists of an encoder and a decoder. The encoder first maps the input data into
the embedding space. The decoder returns the embedding representation back to the input data by
reconstruction. By minimizing the difference between the input data and the reconstructed output,
the autoencoder method effectively learns the underlying structure and patterns of the input data,
and creates a more compressed representation that captures the most important information. This
compressed representation can then be used as a feature set for downstream tasks.

Convolutional autoencoder is a variant of autoencoder. Similar to the traditional autoencoder, it
consists of an encoder network and a decoder network. However, the encoder and decoder
networks of a convolutional autoencoder are composed of convolutional layers, which are
specifically designed to identify spatial patterns in the data.

In this study, we utilized convolutional autoencoders to learn compressed representations of DNA
methylation data from the HM450K and EPIC arrays. Convolution layers in the autoencoder
models were used to capture the spatial relationships between adjacent CpG sites and extract the
important features of the input data. By reducing the dimensionality of the original data, the
autoencoder models were able to compress the input information into a more compact
representation, which also helped to mitigate the effects of noise in the input data. The use of
separate autoencoder models for each array allowed us to capture the unique features of the
methylation data in each array. The architecture of our autoencoder model was designed to achieve
a better performance for our DNA methylation data. Specifically, the encoder part of the model

contained a single convolutional layer followed by a maxpooling layer, which allowed for the



efficient extraction of features from the input data. This was then followed by four fully connected
layers, with the embedding layer being the final layer of the encoder. The decoder part of the model
consisted of three fully connected layers, one maxunpooling layer, and a convolutional layer. The
activation function used in most layers was ReLU, except for the identity function used in the
embedding layer and the Sigmoid function used in the convolutional layer of the decoder. These

functions are defined as:

ReLU(x) = max{0,x} = {g ﬁ Z 8'

Identity(x) = x,

1

Slngld(X) = HeX—p(—x)

As shown in Figure 1, this architecture allowed us to effectively reduce the dimensionality of the

data while preserving important features.
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Figure 1: Architecture of our convolutional autoencoder models. The convolutional autoencoder models for both
arrays had very similar structures, with the only difference being the dimensions of the input and output layers.




2.3 Nonnegative Matrix Factorization

After dimension reduction, the next goal was to generate the EPIC data from HM450K data, so
that we could obtain the original data of EPIC through the decoder part of the autoencoder for
EPIC array. Nonnegative matrix factorization (NMF) was widely used as a linear, non-negative
approximate data representation. The NMF algorithm factorizes the input data matrix into two
non-negative matrices, one representing the basis and the other the coefficients, such that their
product approximates the input data matrix. NMF can be defined as:
VxH-W

where V is the data matrix needed to be factorized, H is the matrix describing the information from
each observation, and W is the matrix containing the basis of the data matrix or the latent structure
of the data. Specifically, each column of V represents an observation, each row of H represents the
contribution of each basis component to the observation, and each column of W represents the
weight of each basis component across all observations.

To infer the latent structure in and between two reduced-dimensional DNA methylation datasets,
we employed NMF as a model. In training dataset, we concatenated the HM450K data, as matrix
V1, and the EPIC data, as matrix V2, along the columns to obtain a larger matrix as V for
factorization during training. After NMF, the H matrix of the relevant observation information and
the W matrix of the latent structure and the information of methylation levels in HM450K data, as
matrix Wi, and the EPIC data, as matrix W», were generated. During the training process, we used
the mean square error (MSE) as the loss function to minimize the reconstruction error between V
and the product of H and W. In the testing dataset, only HM450K data was used as matrix Voi to
be factorized into Ho-W; where matrix W was the matrix from training process and was fixed

during the testing step. Subsequently, the new EPIC data V> was generated as the product of



matrix Ho and matrix W». During the testing step, we computed the loss as the MSE between the

original EPIC data and the newly generated EPIC data V. Figure 2 showed the architecture of

our NMF model.
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Figure 2: Architecture of our NMF model
The MSE loss function is defined as:

n
- > 1
MSE(X,y) = EZ(’Q —¥i)?
i=1

3. Results

After data cleaning, there were 5,594 CpG sites in the HM450K dataset and 13,173 CpG sites in
the EPIC data (on chromosome 18). Our main goal in the autoencoder step was to achieve accurate
reconstruction from the output with a low MSE loss. As depicted in Figure 1, we chose uniform
kernel sizes of 3 for the convolutional layer, maxpooling layer, and maxunpooling layer. We set
the dimensions of the fully connected layers at 256, as having too many parameters would require
more storage and reduce the speed. To avoid the overfitting during the training process, we split
the dataset into the training and testing as specified before. During the training process, we used

the MSE as the loss function to minimize the reconstruction error between input and output. We



set the maximum epoch to 50. Eventually, we achieved the best MSE loss of 0.0066 for the testing
dataset of the HM450K array and 0.0084 for the testing dataset of the EPIC array.

From the embedding layer we obtained the reduced-dimensional DNA methylation datasets. Then
we put them into the NMF model with MSE as the loss function. We experimented with different
ranks in the NMF with a maximum epoch to 100. The rank parameter in NMF determines the
number of components in the factorization. A higher rank can result in better accuracy, but it can
also lead to overfitting. We observed the MSE loss for the reduced-dimensional data of the testing
dataset between the HM450K array and the EPIC array. Ultimately, we found that a rank of 25
yielded the best results, with an initial MSE loss of 0.1611 being reduced to 0.0018.

Furthermore, once we generated the new testing reduced-dimensional data of the EPIC array, we
could feed it back to the embedding layer in the convolutional autoencoder of EPIC array and,
subsequently, got the results from the output layer. These predicted results represent the imputed
methylation levels for the EPIC array based on the original data of the HM450K array. Further, we
evaluated the performance of our method by comparing the predicted results with the original
EPIC data. The MSE loss between these predicted results and the original EPIC data was calculated
and found to be 0.0086, which was slightly higher than the reconstruction loss of EPIC array in
the testing dataset, which was 0.0084.

To calculate the final MSE loss, we restored all the standardized data back to their respective
original ranges. The final MSE loss was 0.0004, indicating a very good performance of our method.
To evaluate the performance of our method, we generated scatter plots in Figure 3, which clearly
showed the predicted values to be very close to the original values in the testing dataset of the

EPIC array.
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Figure 3. Comparisons of observed and predicted beta values of DNA methylation levels of first 4 samples in the
testing dataset of EPIC arrays
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the testing dataset (Left: comparisons of observed betas in HM450K array and observed betas in EPIC array, Right:
comparisons of observed and predicted betas in EPIC array)
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As shown in Figure 4, most of the differences between the predicted beta values and the original
beta values in the testing dataset of the EPIC array are almost negligible, which indicates that our
model's predictions are very accurate. Furthermore, Figure 5 shows that our model captures the
original distribution of beta values in a simple sample and does not predict all beta values as fixed
for all samples. This further confirms the robustness of our method and its ability to capture the
true biological variations in the data. Previous studies have assumed that CpG sites common to
both the HM450K and EPIC arrays would exhibit same or very similar methylation levels, but the
results depicted in Figure 6 suggest that this is not necessarily the case. By using our model to
predict the methylation levels of these shared CpG sites, we can achieve more accurate and reliable

results across different platforms.

4. Discussions

Autoencoder and nonnegative matrix factorization are powerful techniques that can handle the
high-dimensional nature of DNA methylation data. Our model successfully captured the complex
relationships between CpG sites in the two arrays, and produced accurate imputations of beta
values in the EPIC array. The overall RMSE (root mean square error) was 0.0196, which was better
than 0.04 from simple linear regression model with nearby CpG sites. The improvement in RMSE
compared to a simple linear regression model suggests that our approach was effective at capturing
non-linear relationships between CpG sites. The overall MAE (mean absolute error) was 0.0122.
The low MAE indicated that our model had high accuracy in predicting methylation levels.

Our model had the capability to impute methylation levels of all CpG sites in the EPIC array,
including those that are also present in the HM450K array. Our model would be highly adaptable

to other chromosomes and could easily adjust the dimensions of the results obtained from
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autoencoders to accommodate different chromosome sizes. Our model can be expanded to
facilitate imputation from EPIC version 1 to the most recent version, EPIC version 2. By including
more comprehensive coverage from both arrays, we anticipate that the imputation quality will
improve. A real data application of our method can enhance the power of meta-analyses that merge
data from both the 450K and EPIC arrays. This would allow for the integration of a larger number
of samples and CpG sites, potentially increasing the statistical power of the analyses and enabling
the identification of more robust associations between DNA methylation and various traits or
diseases.

Despite the promising results, our study had some limitations. The relatively small sample size
may have limited the generalizability of our findings to larger populations. Additionally, the
requirement for a long running time and large storage space for the data and the results may limit
the practical application of our model. Further research is needed to address these limitations and

to refine our approach.
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