LDEncoder: Reference deep learning-based feature detector for transfer learning in the field of epigenomics
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Introduction Result 1: LDEncoder Conclusmn

LDEncoder was shown to be outperforming the state-of-the-art model in a trans-omics task

Motivat-ion | | | | | pe rfo rm S bette r . Comphc_ated medels, such as ResNet inspired model have shown some potential of

« Many impactful machine learning approaches on epigenomics are not suitable to solve performing well in the trans-omics task

different, but relatively similar problems [1-3] « The suggested reference model does not only solve the training goal of inferring the gene
 If the approach can generalise well, then the model developed is limited to be used as a Models including the state-of-the-art model (Baseline) were trained with the TCGA (The Cancer expression data from the DNA methylation data but also can be used with transfer learning
translational model [4] Genome Atlas) pan-cancer dataset and tested on the held-out set. that either link epigenomics with other neighbouring -omics domains or solves other problems
« This creates inefficient workflow when researchers first encounter novel epigenomics data * Prediction of RNA-seq gene expression value from DNA methylation beta values In epigenomics.
since they need to devise a bespoke solution approach for the problem that they want to solve (Regression — trans-omics) « LDEncoder architecture outperforms other epigenomic state-of-the-art models in terms of
* 5 repeats of the experiment occurred BRCA PAMS50 molecular subtype prediction, while the result is not fully conclusive within this
Goal of the project « For each repeat, training set, testing set, and validation set were randomly generated from research due to the restrictions on the use of datasets posed by the ethics approval status and
1. Development of generalisable model trained using a pan-cancer dataset the pool of all the sample entries resource availabilities
2. Formalising the research problem « Set split ratio: 81% training set, 10% testing set, and 9% validation set « We can reduce the number of parameters in the state-of-the-art model by introducing a low
« Early stopping used for models except for the baseline and the LDEncoder dimensional latent feature representation layer
Research Questions * Root mean squared error and squared Pearson’s correlation coefficient were used for metric Future works
(R?). The R=was used for ranking the performance. » Experiments with more repeats to more accurately demonstrate the performance benefits of

RQ1: Can there be a transferable, pre-trained feature detector for the DNA methylation data?

RQ2: Is it possible to encode the input features from DNA methylation data into a significantly the novel model

* More thorough hyperparameter search to improve the performance of more complicated

lower dimension? RMSE R2 Performance of models on trans-omics task _ _
RQ3: Is it possible to perform common machine learning tasks using the pre-trained feature s f S N models e.g., ResNet inspired models | | |
detector? (e.g., transfer learning and meta-learning) LDEncoder 600"  0.6496+ 0.0048 | 0.9414+ 0.0009 - ‘ * Experiments with more samples so that Y chromosome could be included in the analysis and
ResNetSorted®  0.6568+0.1240 | 0.9402+0.0022 ' more conclusive results could be given
Baseline 0.6566+0.0030 | 0.9400-+0.0007 e o
ResNet 0.6608+0.0085 | 0.9395+0.0014 | ~
LDEncoder 0.67250.00; >() ' 0.9371+0.0008 0.90 1
Methods References
VGGSorted? ().7.)49:().()()54 0.9217+0.0011 | _ _ _ _ _ _
Dataset VGG 0.7696+0.0071 | 0.9186+0.0015 0881 s [1_] Karim M_alkl, E Korltsk_aya,_F Herrls, K Bryson, IVI Herbster, _and _I\/IG Tosto. Eplge-netlc
Baseline 4096° 0.9201+0.0117 | 0.8828+0.0031 5 E £ ¥ § f E 8 8 differences in monozygotic twins discordant for major depressive disorder. Translational
The Cancer Genome Atlas (Used the same dataset used for [4], and preprocessing method) PCA 4.1664+0.0248 | 0.2750+0.0047 t f & ¢ 5§ 2 9 : psychiatry, 6(6):¢839—e839, 2016. | S |
. Methylation beta values & 8 - = 3 : [2] Xuesi Dong, Lijuan Lin, Ruyang Zhang, Yang Zhao, David C. Christiani, YongyueWei,
. RNA-seq gene expression values - Model and Feng Chen. ToBMI: Trans-omics block missing data imputation using ak-nearest
i ‘ ighbor weighted approach.Bioinformatics, 35(8):1278—1283, 2019.
. PAM 50 subtypes 'LDEncoder model with 600 epochs PCA model was excluded because neig | 5, )
. For the classification problem, the Synthetic Minority Oversampling Technique [7] was used ?ResNet [5] inspired model with a sorted dataset the R? value for the PCA model [3] Joshua J. Levy, Alexander J. Titus, Curtis L. Petersen, Youdinghuan Chen, Lucas
to oversample the training set in order to solve the class imbalance problem 3ResNet [5] inspired model with a sorted dataset was significantly different A.Salas, and Brock C. Christensen. MethyINet: An automated and modular deeplearning
with chromosomal separation of the data approach for DNA methylation analysis.BMC Bioinformatics, 21(1):1-15,2020. |
Models 4VGG [6] inspired model with a sorted dataset [4] X!angR%\lhAc‘)u, Hua Chal,dHE[ny]!ng ZB&II\IOAChThg IH%c__.lngbLuo, _and \([uedofngI Yang.lmbputlné;
. ) 5Baseline experiment with a batch size of 4096 missing -sequencing data from methylation by using a transferlearning-base
| ) Fnch?.r diCOde\r/énédgls ;sedN {51 and P neural network.GigaScience, 9(7):1-10, 2020.
Training data Encoder Decoder ety _IE]SF'ra on Atom [6], ResNet[5], an 5] K. Simonyan and A. Zisserman, Very Deep Convolutional Networks for Large-Scale
e mpute [4] mage Recognition 2015.
* Encoding dimension of 512 was enforced 6] K. He, X. Zhang, S. Ren, and J. Sun, Deep residual learning for image recognition in

for novel models Re S u It 2 : L D E n cod e r ggcécez%q/ggs of the IEEE conference on computer vision and pattern recognition, pp. 770-

Sortlng | | | - [7] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, SMOTE: synthetic
* lllumina’s CG reference number are not sorted in terms of the coordinates g e n e ral I Ses Wel I minority over-sampling technique Journal of articial intelligence research, vol. 16, pp.
« Unsorted dataset does not matter for fully connected networks but becomes important when 321-357, 2002.

we try to utilise locality features
« Sorting ensures locality features could be exploited, which means convolutional neural Two conditions were used for testing the classification capability of the model, as well as

networks can be used for solving problems. the usefulness of training with a pan-cancer dataset
Final model « LDEncoder trained with a pan-cancer dataset without BRCA samples was used for the
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