
The incidence of Hepatocellular Carcinoma (HCC), the most prevalent type of liver cancer, is on the rise. This is
accompanied by an increase in the associated mortality rate. The high level of heterogeneity of the disease, combined
with complex etiological factors make its prognosis challenging. This has created the need for developing tools to predict
the survival chances of patients, paving the way for better treatments, and  improving patient care. To understand the
differences in patient subgroup survival, multi-omics molecular data sourced from HCC patients, comprising of mRNA
gene expression, miRNA expression, and DNA methylation could be very valuable and in principle, be used to unravel the
molecular mechanisms leading to disease morbidity.

In this study, we demonstrate how curated biomedical molecular data in the ML-ready form can greatly aid in building
prediction models and testing hypotheses. We integrated relevant data from Liver OmixAtlas to train an XGBoost classifier
on AWS Sagemaker to predict patient survivability in HCC patients. This case study showcases how curated multi-omics
data can be accessed, searched, and downloaded on Amazon Sagemaker, and used for building predictive machine
learning models with clinical appliactions. 
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Our ML model, trained on
integrated multi-omics data,
could predict liver cancer
patient survivability with a
high level of precision

Multi-omics data from Liver
OmixAtlas data can be
integrated to train ML models
for predicting patient
survivability
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Predicting the survival
outcomes of liver cancer
patients using a single type of
biomedical molecular data is
challenging 

OVERVIEW

Why multi-omics data?

Cancer is a complex disease with many layers of molecular machinery
in cancer cells behaving abnormally. A single type of molecular data,
although useful, is usually insufficient to capture complex traits. This is
especially true in the case of survival outcome prediction.
A single data type, for example, transcription data, while informative
in deciphering differential gene expression, does not always translate
to protein level or metabolite level insights. Likewise, a gene that is
methylated at the promoter site may make a significant contribution
to the cancer traits of the cell. For these reasons, we decided to test
the advantages of multi-omics data integration in order to build a
holistic predictive modeling of HCC patient survival.

Querying biomedical molecular data

We used TCGA data from Liver OmixAtlas, which is extensively curated
and available in a ready-to-use form. With the help of our search tool, 

APPROACH HIGHLIGHTS



The error-prone and time-consuming process to link clinical metadata in data types such as miRNA.
Lack of standardization of assay data.
Drug response data is not linked in a usable manner.
Molecular subtype information is not curated.
Assay datasets cannot be readily integrated due to heterogeneity in data structures.

DiscoverPy, we queried and downloaded the relevant mRNA, miRNA, and methylation datasets from HCC patients. This
includes clinical data containing information about their survival outcomes.

Data and metadata are available outside Liver OmixAtlas but are not usable.

1.
2.
3.
4.
5.

| Case Study| Case Study

INFO@ELUCIDATA.IO       |       WWW.ELUCIDATA.IO

Figure 1. Querying mRNA expression data

Figure 2. Querying miRNA expression data
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Figure 3. Querying DNA methylation data

The three data types namely, mRNA, miRNA, and DNA methylation, were normalized with a min-max normalizer, after imputing
feature means for the missing values. The features are genes, micro RNA, and methylated genes for mRNA, miRNA, and
methylation data respectively. The best 50 features were selected for each data type.

We used these 50 features for each data type, which consisted of 367 patients. After integration, we compiled a data matrix with
367 patients in rows and 150 selected features. We also utilized the survival information of each patient, which was extracted
from the metadata.

Multi-omics data integration
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Model training and deployment on Sagemaker

We divided the dataset randomly into the training, validation, and test sets (60%, 20%, 20% respectively).
The model was trained in the AWS Sagemaker environment. We employed XGBoost classifier, which has
been shown to be a good choice for binary classification problems. The model was trained and optimized
on AWS Sagemaker and deployed for prediction.
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Our tree-based supervised learning model had an ROC AUC value of 0.681 and a precision value of 0.875,
and was able to predict patient survival outcomes with a high level of precision. This indicates that the
integration of multi-omics datasets is a robust strategy for predictive modeling of complex biological traits.
The predictive capabilities of the model can be further improved by better feature engineering and more
rigorous hyperparameter tuning.

RESULT
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Multi-omics integration is a powerful methodology with important applications in translational research
but requires structured data for ease of integration. Curated molecular biomedical data in an ML-ready
form greatly aids in hypothesis validation, as demonstrated in this case study using the example of patient
survival prediction in liver cancers.

CONCLUSION

Polly delivers ML-ready biomedical molecular data that is curated to accelerate drug discovery. Hosting a rich
repository of more than 300,000 multi-omics datasets, Polly is a customizable platform that assists with
comprehensive analysis of integrated biomedical data.


