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CSE6250 Projects: Big Data Analytics for
Healthcare

Jimeng Sun

Abstract—CSE6250 Big Data Analytics for Healthcare is a
graduate level course focusing on practical big data technology
for health analytic applications. One big part of this course is to
conduct an individual/group project that addresses a real-world
data science problem in healthcare. The project should provide
an end-to-end coverage of data science activities in addressing
a real healthcare problem. The project should utilize big data
systems such as Hadoop and Spark, machine learning algorithms
that are covered in this class and real-world health related data.
I hope that the best projects (with some additional effort) can
lead to publications at the best medical informatics venues such
as Journal of the American Medical Informatics Association
(JAMIA), Journal of Biomedical Informatics (JBI), Journal of
Medical Internet Research (JMIR), Artificial Intelligence in
Medicine, IEEE Journal of Biomedical and Health Informatics
(JBHI).

This document provides the project guideline such as expec-
tation, timeline, deliverables. We also introduce recommended
project topics for selection but you are welcome to propose your
own project as long as they are related to big data technology
covered in this course and addressing healthcare problems.

Index Terms—Big data, Health analytics, Data mining, Ma-
chine learning

I. INTRODUCTION

IG data and healthcare applications interact closely nowa-
days thanks to the advancement in electronic data cap-
turing technology such as electronic health records, on-body
sensors and genome sequencing. This course is about learning
practical skills on big data systems, scalable machine learn-
ing algorithms and their applications to healthcare. Through
(painful) homework exercises, all the students should have
by now learned big data systems and acquired sufficient
knowledge about healthcare data. We believe you are ready
to take on the next level of challenges as a data scientist in
healthcare. That is, you are going to propose, execute and
report an awesome data science project. The final results
of this project includes 1) a publishable report and 2)
a convincing presentation, and 3) reusable software and
sufficient documentation from your project.
Next we will cover the project life cycle, timeline, deliver-
ables, grading scheme and project topics.

II. PROJECT LIFE CYCLE

As a data scientist working on a real-world project, you
have to be able to conduct all aspects of the big data project
independently in a timely manner. In particular, here are some
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tasks that a data scientist will have to conduct in a big data
project: project initiation, project execution and project report.

A. Project initiation

As a data scientist, projects are not always there for you
to work on. You have to create them and convince your
boss (e.g., your CEO) to fund that. Before your project is
officially launched, you have to conduct many steps to make
that happen. Here are the checklist of things that you should
do during the project initiation.

1) Identify and motivate the problems that you want to
address in your project.

2) Conduct literature search to understand the state of arts
and the gap for solving the problem.

3) Formulate the data science problem in details (e.g., clas-
sification vs. predictive modeling vs. clustering problem).

4) Identify clearly the success metric that you would like
to use (e.g., AUC, accuracy, recall, speedup in running
time).

5) Setup the analytic infrastructure for your project (includ-
ing both hardware and software environment, e.g., AWS
or local clusters with Spark, python and all necessary
packages).

6) Discover the key data that will be used in your project
and make sure an efficient path for obtaining the dataset.
This is a crucial step and can be quite time-consuming,
so do it on the first day and never stops until the project
completion.

7) Generate initial statistics over the raw data to make sure
the data quality is good enough and the key assumption
about the data are met.

8) Identify the high-level technical approaches for the
project (e.g., what algorithms to use or pipelines to use).

9) Prepare a timeline and milestones of deliverables for the
entire project.

10) It’s required to utilize big data tools in your project

All the above steps in project initiation should be demon-
strated in your proposal.

B. Project execution

Once your project is approved, you should quickly work on
getting results and iterate with your sponsors on the progress.
Iteration is the key. The first iteration should be fast and
positive otherwise you are at risk losing momentum from the
sponsors/project owners (e.g., your boss, clinical experts, your
partners from another organization). This successful execution


https://jamia.oxfordjournals.org/
https://jamia.oxfordjournals.org/
http://www.journals.elsevier.com/journal-of-biomedical-informatics/
http://www.jmir.org/
http://www.jmir.org/
http://www.journals.elsevier.com/artificial-intelligence-in-medicine/
http://www.journals.elsevier.com/artificial-intelligence-in-medicine/
http://jbhi.embs.org/
http://jbhi.embs.org/
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will lead to long-term sustainability of your team and will
greatly improve your reputation in the organization, so please
focus on that.

1) Gather data that will be used in your project if you haven’t
already.

2) Design the study (e.g., define cohort, target and features;
carefully split data into training, validation to avoid
overfitting)

3) Clean and process the data.

4) Develop and implement the modeling pipeline.

5) Evaluate the model candidates on the performance met-
rics.

6) Interpret the results from your model (e.g., show predic-
tive features, compare to literature in terms of finding,
present as cool visualization).

All the steps in project execution should be done by the

paper draft due date and iterate at least another time by the
final due day.

C. Project report

Finally, you are close to the end of the project. You need
to summarize what you have done and learned throughout
the project. This will be a comprehensive, concise and well-
written report as the foundation for future projects. This can
lead to publications and other external communication. You
will probably need to give a presentation to your sponsors. So
do the best you can in written report and presentation. Bad
delivery at this step can overshadow all the great work your
team have put in throughout the project, so do spend sufficient
time to prepare a slick presentation and write a comprehensive
report.

« Your report should consists of the following sections.

1) Title and abstract

2) Introduction and background
3) Problem formulation

4) Approach and implementation
5) Experimental evaluation

6) Conclusion

« Prepare a presentation deck and deliver a convincing and
informative presentation.
e Clean up and package your code, and document the
necessary steps for future usages by others.
Please use the above process to guide your own project for
this semester and possibly your future data science career.

III. LOGISTICS

Next we summarize the timeline and deliverables for your
project in this semester.

A. Timeline

Due Date | Task Description

Feb 17 Project group formation

Mar 3 Project proposal submission

Apr 7 Project draft

Apr 25 Final Submission (paper + code + presentation)

B. Deliverables

0) Paper Templates:

o Please use either MS Word or LaTex template from the
link provided below for your proposal, draft, and final
paper, but you should submit it in PDF format at the
end.

o AMIA Templates [Word][LaTex]

1) Project Proposal:

e Min. 1 to Max. 3 pages write-up
o Guide:

— Explain about the problem/topic you choose and how
to solve it
— It is recommended to try to cover as many aspects as
described in project initiation if it is possible.
— Conduct a literature survey and cite at least 4 papers
that are relevant to the project.
2) Project draft:

o Up to 5-page write-up + 1 page of references
o Guide
— Make sure your write-up cover all aspects described in
project execution.
— Conduct literature search and cite at least 8§ papers or
more that are relevant to the project.
Please check the course web page for the review format
and follow it.
3) Final report:

e up to 7-page write-up + 1 page reference (the same tem-
plate as project draft), see sample papers for reference.

e 5-min presentation (Youtube (include link in paper) or
audio attached slides) + slides.

« software implementation and documentation

C. Grading scheme

Your draft and final paper should be in a form of regular
research publication. It means all sections common in typical
research publications such as Abstract, Introduction, Method,
Experimental Results, Discussion, and Conclusion must be
there even with different section names or structures. You
should organize well and write clearly each section so that
it is easily readable for other readers.

Here are the grading guideline for your project.

« Project 40%

3% proposal
7% paper draft

10% final presentation
20% final paper

IV. PROJECT TOPICS

We introduce several project topics for your consideration
but you can also propose your own project outside this scope
as long as your project uses big data tools (e.g., Hadoop and
Spark) and is about healthcare applications.


https://www.amia.org/sites/default/files/AMIA2017-Submission-Template.docx
https://www.amia.org/sites/default/files/amia2017-template.zip
http://sunlab.org/teaching/cse6250/fall2018/project.html
https://drive.google.com/open?id=17MKum4lr4bhi8_sUwwqy5928rusQVWkG
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A. Deep Representation Learning of EHR

Mentor: Sungtae An (stan84 @ gatech.edu)

Modern Electronic Health Record (EHR) data consist of a
huge number of discrete mdical codes including diagnoses,
medications, laboratory tests, procedures, etc. Also, they have
a unique structure where the visits are temporally ordered but
the medical codes within a visit form an unordered set. Those
medical concepts as well as their temporal order contain rich
latent relationships that cannot be effectively represented by
a binary one/multi-hot encoding or their simple aggregation.
Therefore, it is important to have efficient representations for
the medical concepts, while it is common in many healthcare
applications to rely on hand-crafted feature representations that
require considerable amount of expert medical knowledge.

In this project, the main objective is to learn lower-
dimensional (in most cases) representations of the medical
concepts from sparse medical codes in a large dimensional
space, especially using deep learning with neural networks. Al-
though the representations can be learned via either supervised
or unsupervised way, learned representations are usually eval-
uated based on auxiliary classification tasks, with the implicit
assumption that improvements in prediction are attributed to a
more robust representation of medical concepts [27]. The task
can be a mortality prediction task similar to the topic described
in a later section or a sequential disease/diagnosis prediction
task. Also, they are often accompanied by a qualitative analysis
evaluating similarity between representations in the embedded
latent space visualized with techniques such as t-SNE [24].
You may try to reproduce and improve the results from
previous works including but not limited to the related work
below.

o Dataset:

— Dataset: MIMIC III (submit your data access request
toMIT via above link using your GT-Email and MIM-
ICcompletion report which lists modules taken with
datesand scores. Request is made per person, not per
team)

o Related Work:

— Choi et al. [5] proposed Med2Vec, a Skip-gram like
approach that learns lower dimensional representations
for medical concepts by incorporating both code co-
occurence information and visit sequence information
of EHR data to improve the accuracy of both code
and visit representations in an unsupervised way. They
showed improvements in prediction accuracy in mul-
tiple clinical applications using Med2Vec compared
to baselines such as Skip-gram, GloVe, and stacked
autoencoder, while providing clinically meaningful in-
terpretation.

— Choi et al. [6] proposed GRaph-based Attention Model
(GRAM), which leverages hierarchical information
inherent to medical ontologies represented as a di-
rected acyclic graph (DAG), to learn an accurate and
interpretable representations for medical concepts in
EHR data. GRAM represents a medical concept as a
combination of its ancestors in the ontology via an
attention mechanism that is trained in an end-to-end

fashion with a neural network model that predicts the
onset of disease(s).

— Choi et al. [7] proposed Multilevel Medical Embedding
(MiME) which simultaneously transforms the inherent
multi-level structure of EHR data into multi-level em-
beddings, while jointly performing auxiliary prediction
tasks that reflect this inherent structure without the
need for external labels. They utilized the inherent
hierarchical structure of EHR data that begins with
the patient, followed by visits, then diagnosis codes
within visits, which are then linked to treatment or-
ders (e.g.medications, procedures) to capture the dis-
tinguishing patterns of different patient states. They
showed that predictive models based on the patient
representation learned by using MiME outperforms
baselines including the aforementioned two methods
in two prediction tasks, heart failure prediction and
sequential disease prediction.

B. Chest X-ray Disease Diagnosis

Mentor: Zhe Zhu (zhezhu@ gatech.edu)

X-rays are the oldest and most frequently used form of
medical imaging, but they require significant training for
clinicians to read correctly. This makes the analysis of x-
rays costly, time consuming, and prone to error. Luckily, the
latest big data techniques, especially deep learning, are making
automated analysis of x-ray images increasingly more realistic,
and groups are publishing large x-ray imaging dataset to help
researchers train, test, and improve their approaches. Creating
an automated diagnosis system would speed up processing,
reduce effort from clinicians, reduce errors, and make x-
rays more practical for diagnoses that currently rely on more
expensive but easier to analyze technologies like computerized
tomography.

The goal of this project is to reproduce and improve
previous study or propose a new study using at least one of the
given dataset (see below). If you only use CheXpert data[ 7],
you might also want to paricipate in the CheXpert competition
to get bonus points according to your performance.

o Dataset:

— NIH Chest X-ray Dataset
— CheXpert Dataset (Register to get the access)
— JSRT Database (Register to get the access)

o Related Work:

— Liu et al. [2]1] present a novel method termed
as segmentation-based deep fusion network (SDFN),
which leverages the higher-resolution information of
local lung regions. Specifically, the local lung regions
were identified and cropped by the Lung Region Gen-
erator (LRG). Evaluated by the NIH benchmark split
on the Chest X-ray 14 Dataset, the experimental re-
sult demonstrated that the developed method achieved
more accurate disease classification compared with
the available approaches via the receiver operating
characteristic (ROC) analyses.

— Irvin et al. [17] present a large labeled dataset and in-
vestigate different approaches to using the uncertainty


https://mimic.physionet.org/gettingstarted/overview/
https://stanfordmlgroup.github.io/competitions/chexpert/
https://nihcc.app.box.com/v/ChestXray-NIHCC
https://stanfordmlgroup.github.io/competitions/chexpert/
http://db.jsrt.or.jp/eng.php
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labels for training convolutional neural networks that
output the probability of these observations given the
available frontal and lateral radiographs.

— Wang et al. [29] introduce the Chest X-ray dataset
(containing over 110K images) with an overview of the
data sources, methodology for deriving the labels, and
provide some initial benchmark results using different
pre-trained convolutional neural networks to classify
each disease type. They also use a weakly-supervised
localization techniques to understand where in the
image the network believes the disease occurs and use
a subset of 1,600 images to evaluate the accuracy of
this localization approach.

— Rajpurkar et al. [26] significantly improve on the
modeling techniques to achieve state-of-the-art results
using a much deeper and more sophisticated 121-layer
DenseNet architecture. They evaluate the effectiveness
of this network versus radiologists and find their net-
work provides even better results. They also use an
alternative localization approach to understand where
in the image the network identifies a disease but don’t
provide specific validation results.

C. Deep learning in Drug Discovery

Mentor: Balaji Sundaresan (bsundaresan3@ gatech.edu)

Over the past years, there has been a remarkable increase
in the amout of available compound activity and biomedical
data, and deep learning has shown promise in addressing
many problems in drug discovery like bioactivity prediction,
de novo modecular design, synthesis prediction and biological
image analysis. Quantitative Structure-Activity Relationship
(QSAR) was developed and combined with machine learning
algorithms such as support vector machine, neural network
and random forest for a long time. [16]

QSAR attempts to build mathematical models to connect
physical/chemical properties of compounds to their chemical
structures and has already applied to predict properties like
absorption, distribution, metabolism, toxicity, etc.. In this
project you need to apply deep learning technique to QSAR
and compare its improvement with baseline models. You can
also propose any other ideas to extend or to improve the
benchmark in terms of the dataset or the performance of
methodologies.

Do not forget that you should utilize big data analytics
tools for the project

o Dataset: PubChem
« Related Work:

— [8] Learning QSAR models consists of three main

steps: generating a training dataset of measured proper-
ties of known compounds, encoding information about
the compounds’ chemical structures, and building a
mathematical model to predict measured properties
from the encoded chemical structure.
This key of this paper applies multi-task learning to
QSAR using various neural network models, which
demonstrates it can significantly improve results over
baselines generated with random forests.

D. NLP for Healthcare

Mentor: Ming Liu (mliu302@gatech.edu)

Unstructured healthcare data like clinical notes usually
contain much richer information than structured data such
as structured parts of electronic health records (EHR) and
insurance claims records. However, it is difficult to manually
extract useful information from unstructured data in terms of
time and labor cost. Therefore, it is getting important more and
more to handle the operations of ETL (Extract, Transform, and
Load) using Natural Language Processing (NLP) in healthcare
domain.

« Resources:

— MIMIC 1II, which is useful in many cases. Please
submit your data access request to MIT using your
GT-Email and MIMIC completion report which lists
modules taken with dates and scores. Request is made
per person, not per team

— Criteria2Query: Automatically Transforming Clinical
Research Eligibility Criteria Text to OMOP Common
Data Model (CDM)-based Cohort Queries

— github for ELIE[20]

— github for dataset and algorithm used in [23]

o Related Work:

— James, Sarah, Jimeng, etc. [18] present CAML, a
convolutional neural network for multi-label document
classification, which aggregates information across the
document using a convolutional neural network, and
uses an attention mechanism to select the most relevant
segments for each of the thousands of possible codes.
According to their evaluation, the method is accurate,
achieving precision better than the prior state of the
art.

— Kang et al. [20] presented an open-source information
extraction system called Eligibility Criteria Information
Extraction (ENIE) for parsing and formalizing free-
text clinical research eligibility criteria (EC) following
Observational Medical Outcomes Partnership Common
Data Model (OMOP CDM) version 5.0. EIIE parses
EC in 4 steps: (1) clinical entity and attribute recog-
nition, (2) negation detection, (3) relation extraction,
and (4) concept normalization and output structuring.
A sequence labelingbased method was developed for
automatic entity and attribute recognition. Negation
detection was supported by NegEx and a set of prede-
fined rules. Relation extraction was achieved by a sup-
port vector machine classifier. They further performed
terminology-based concept normalization and output
structuring. According to their evaluation, machine
learning-based EIIE outperforms existing systems and
shows promise to improve.

— Ma and Weng [23] investigated the correlation between
drug safety label changes and study population focus
shift patterns for existing interventional drug trials.
They defined the Convergent Focus Shift (CES) pattern
for each prescription drug as the converged focus in
post-marketing trials compared to that in premarketing
trials. They hypothesized that drugs with potential


https://pubchem.ncbi.nlm.nih.gov/
https://mimic.physionet.org/gettingstarted/dbsetup/
https://mimic.physionet.org/gettingstarted/dbsetup/
https://mimic.physionet.org/gettingstarted/dbsetup/
https://mimic.physionet.org/gettingstarted/dbsetup/
https://mimic.physionet.org/gettingstarted/dbsetup/
https://amia2017.zerista.com/event/member/389334
https://amia2017.zerista.com/event/member/389334
https://amia2017.zerista.com/event/member/389334
https://github.com/Tian312/EliIE
https://github.com/18dubu/ChunhuaLab_2016BBW
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safety warnings have different CFS patterns compared
to those without warnings. They demonstrated the
added value of linked public data and the feasibility
of integrating ClinicalTrials.gov summaries and drug
safety labels for post-marketing surveillance.

— Ma and Weng [22] presented a method for identifying
questionable exclusion criteria for 38 mental disorders.
They extracted common eligibility features (CEFs)
from all trials on these disorders from ClinicalTri-
als.gov. Network Analysis showed scale-free property
of the CEF network, indicating uneven usage frequen-
cies among CEFs. By comparing these CEFs term
frequencies in clinical trials exclusion criteria and
in the PubMed Medical Encyclopedia for matching
conditions, they identified unjustified potential overuse
of exclusion CEFs in mental disorder trials. Then they
discussed the limitations in current exclusion criteria
designs and made recommendations for achieving more
patient-centered exclusion criteria definitions.

— He et al. [13] developed a method for profiling the
collective populations targeted for recruitment by mul-
tiple clinical studies addressing the same medical con-
dition using one eligibility feature each time. Using
a previously published database COMPACT as the
backend, they designed a scalable method for visual
aggregate analysis of clinical trial eligibility features.
This method consists of four modules for eligibility
feature frequency analysis, query builder, distribution
analysis, and visualization, respectively. This method
is capable of analyzing (1) frequently used qualitative
and quantitative features for recruiting subjects for a
selected medical condition, (2) distribution of study
enrollment on consecutive value points or value inter-
vals of each quantitative feature, and (3) distribution
of studies on the boundary values, permissible value
ranges, and value range widths of each feature.

E. Mortality Prediction in ICU

Mentor: Kapil Vuthoo (kapilv@ gatech.edu)

Accurate knowledge of a patients disease state and trajectory
is critical in a clinical setting. Modern electronic healthcare
records contain an increasingly large amount of data, and
the ability to automatically identify the factors that influence
patient outcomes stand to greatly improve the efficiency and
quality of care. The goal of this project might be to repeat
and improve previous study or to propose a new study using
MIMIC-III dataset. MIMIC-III has timestamp which tell when
variables were measured. Use this temporal data with RNN (
or its variants - GRU, LSTM) to make time series predictions
on this longitudinal data for early detection of disease onset,
In-hospital mortality, Forecasting length of stay etc You can
also compare your model with the benchmark testing model.

You must present detailed steps such as the prediction target,
feature selection, feature construction, predictive model and
performance evaluation. You may initially start with a small
subset of data as you develop your model locally. However,
after fine-tuning it, your final paper must be based on results
from the entire data.

« Dataset: MIMIC III (Submit your data access request to
MIT via above link using your GT-Email and MIMIC
completion report which lists modules taken with dates
and scores. Request is made per person, not per team)

« Related Work:

— Hrayr et al. [12] introduced four clinical prediction
benchmarks (including mortality prediction) using data
derived from the publicly available Medical Informa-
tion Mart for Intensive Care (MIMIC-III) database
[19].

— Xu et al. [31] recently developed an attention-based
RNN model for predicting mortality using physiolog-
ical monitoring data at ICUs: MIMIC-III Waveform
Database Matched Subset

— You can have a look at the implementation of Doctor
Al paper [4]. Github details are in the paper.

1

F. Sepsis prediction or other MIMIC-III Benchmark Tasks

Mentor: Yanbo Xu (yxu465@gatech.edu)

Hrayr et al. [12] recently introduced four clinical prediction
benchmarks using data derived from the publicly available
Medical Information Mart for Intensive Care (MIMIC-III)
database [19]. In one of these projects, or with any other idea
you want to propose, you will extend the current benchmark
further in many aspects.

1) Creating more benchmark tasks: Currently, there are
four types of prediction/classification benchmark: in-hospital
mortality, decompensation, length of stay, and phenotype. We
can add more benchmark tasks such as sepsis prediction.
Sepsis is a leading cause of death in the United States, with
mortality highest among patients who develop septic shock.
Early aggressive treatment decreases morbidity and mortality.
While general-purpose illness severity scoring systems are
useful for predicting general deterioration or mortality, they
typically cannot distinguish with high sensitivity and speci-
ficity which patients are at highest risk of developing specific
acute condition. You can try to come up with not only sepsis
prediction, but also any other potentially beneficial benchmark
tasks. Then, the goal of the project is to construct cohort and
build some baseline models for the task which can be a new
part of the current benchmark set.

2) Enriching the current benchmark dataset: You can also
improve the current dataset by adding more clinical variables
(features) that have not been included in the dataset yet such
as medications, infusions, and treatments. After you modify
the dataset, you will need to show how the performance of
baselines for each task is changed also. Therefore, the goal of
this project will be fully explored variable study supported
by some literature survey and utilizing big data analytics
with supporting results from each predictive modeling or
classification task.

3) Exploiting longitudinal data: In addition to working
on time-invariant data as described above, you can also ex-
plore dynamic approaches for longitudinal studies. MIMIC-
Il enables the opportunities by providing timestamps for

Uhttps://physionet.org/physiobank/database/mimic3wdb/matched/


https://mimic.physionet.org/gettingstarted/dbsetup/
https://physionet.org/physiobank/database/mimic3wdb/matched/
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each record, which tell when variables were measured (e.g.,
vital signs, lab results) or when an event happened (e.g.,
medications, IV input/output). By taking time into account,
we can make predictions on whether an event will happen in
a given prediction window, and time to the event, etc.

For example, Xu et al. [31] proposed an attention-based
RNN model for modeling long-term EHR data and predict
mortality and length of stay in real time. One potential
course project can be using a vanilla RNN model to predict
sepsis/septic shock based on patient’s history, and then add
attention mechanism to interpret the results. You’d need to
identify the onset of sepsis/septic shock (or any other task
you are interested in) to label the data, a useful toolkit can be
found here’.

4) Participating PhysioNet challenge: The 20th Phys-
ioNet/Computing Challenge in Cardiology is now open: Early
prediction of sepsis from Clinical Data. Training data is about
6 MB of 5,000 subjects (Not MIMIC-III). Please find more
details on the above link; and talk to mentor asap if you are
interested in this challenge.

5) Other ideas: You can also propose any other ideas to
extend or to improve the benchmark in terms of the dataset or
the performance of methodologies.

Do not forget that you should utilize big data analytics
tools for the project

« Main Reference: Hrayr Harutyunyan, Hrant Khachatrian,
David C. Kale, and Aram Galstyan. Multitask Learn-
ing and Benchmarking with Clinical Time Series Data.
arXiv:1703.07771[12](Code)

« Dataset: MIMIC III (Submit your data access request to
MIT via above link using your GT-Email and MIMIC
completion report which lists modules taken with dates and
scores. Request is made per person, not per team)

« Related Work:

— Henry et al. [14] analyzed routinely available physiolog-
ical and laboratory data from intensive care unit patients
and developed TREWScore, a targeted real-time early
warning score that predicts which patients will develop
septic shock.

— Desautels et al. [9] applied a newly proposed definition
for sepsis, Sepsis-3, as a gold standard for the implemen-
tation of their predictive algorithm, InSight, a machine
learning classification system that uses multivariable com-
binations of easily obtained patient data (vitals, peripheral
capillary oxygen saturation, Glasgow Coma Score, and
age), to predict sepsis using MIMIC-III dataset, restricted
to intensive care unit (ICU) patients aged 15 years or
more. Following the Sepsis-3 definitions of the sepsis
syndrome, they compared the classification performance
of InSight versus quick sequential organ failure assess-
ment (QSOFA), modified early warning score (MEWS),
systemic inflammatory response syndrome (SIRS), sim-
plified acute physiology score (SAPS) II, and sequential
organ failure assessment (SOFA) to determine whether or
not patients will become septic at a fixed period of time
before onset.

Zhttps://github.com/alistairewj/sepsis3-mimic

— Ghassemi et al. [10] examined the use of latent variable
models (viz. Latent Dirichlet Allocation) to decompose
free-text hospital notes into meaningful features, and the
predictive power of these features for patient mortal-
ity. This work considered three prediction regimes: (1)
baseline prediction, (2) dynamic (time-varying) outcome
prediction, and (3) retrospective outcome prediction. In
each, their prediction task differs from the familiar time-
varying situation whereby data accumulates; since fewer
patients have long ICU stays, as they move forward in
time fewer patients are available and the prediction task
becomes increasingly difficult. Note that MIMIC-II (not
IIT) was used in this work.

— Xu et al. [31] explored a richer dataset, in which physio-
logical signals including Electrocardiogram (ECG), Pho-
toplethysmography (PPG), vital signs and so on were
continuously recorded along with the discrete clinical
data. They proposed an attention-based RNN model that
can efficiently encode the long-term multi-channel dense
signals and predict mortality and length of stay in real
time. The dataset used in the work is the recently released
MIMIC-III Waveform Database Matched Subset.

G. Learning from Sleep Data

Mentor: Siddharth Biswal(sbiswal7 @ gatech.edu)

We can analyze sleep data, especially electroencephalog-
raphy (EEG), to determine the sleep apnea, cardiovascular
disorders, and sleep stage annotations, etc. There are many
benefits we can achieved from sleep data. For instance, using
single channel sleep stage detector patients can be monitored
at home using wearable sleep EEG devices.

« Dataset: Sleep Heart Health Study (you have to request
data access), PhysioNet: The Sleep-EDF database [Ex-
panded] (smaller, but immediately downloadable), etc.

« Related Work:

— Tsinalis et al. [28] used convolutional neural networks
(CNNs) for automatic sleep stage scoring based on
single-channel electroencephalography (EEG) to learn
task-specific filters for classification without using
prior domain knowledge. Automatic Sleep Stage Scor-
ing with Single-Channel EEG Using Convolutional
Neural Networks.

— Biswal et al. [2] proposes a method to automatically
annotate sleep stages from EEG data which is collected
from overnight sleep studies. There are 5 different
sleep stages N1,N2,N3,REM, Wake and usually trained
clinicians annotate sleep EEG to identify these sleep
stages. However, this is a very time consuming and
labor intensive task. Therefore, the authors describe
a system which uses expert defined features with
recurrent neural network to annotate an entire sleep
study. The results are presented to clinician using web
based visualization which can be used to annotate
mistakes made the model to further improve the results.
They compared the result with other methods such as
convolutional neural network, etc.


https://physionet.org/challenge/2019/
https://physionet.org/challenge/2019/
https://physionet.org/pnw/challenge-2019-request-access
https://github.com/YerevaNN/mimic3-benchmarks
https://mimic.physionet.org/gettingstarted/dbsetup/
https://github.com/alistairewj/sepsis3-mimic
https://sleepdata.org/datasets/shhs
https://www.physionet.org/physiobank/database/sleep-edfx
https://www.physionet.org/physiobank/database/sleep-edfx
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— Zhao et al. [32] introduce a predictive model that
combines convolutional and recurrent neural networks
to extract sleep-specific subjectinvariant features from
RF signals and capture the temporal progression of
sleep by using radio measurements without any at-
tached sensors on subjects. They applied a modified
adversarial training regime that discards extraneous
information specific to individuals or measurement
conditions, while retaining all information relevant to
the predictive task.

H. Unsupervised Phenotyping via Tensor Factorization

Mentor: Ardavan (Ari) Afshar (aafshar8@gatech.edu) The
goal of this project is to design a new or existing tensor
factorization method to extract meaningful phenotypes from
raw and noisy electornic health records.

1) Data Set: Centers for Medicare and Medicaid (CMS): 3
The data set is CMS 2008-2010 Data Entrepreneurs’ Synthetic
Public Use File (DE-SynPUF). The goal of CMS data set is
to provide a set of realistic data by protecting the privacy of
Medicare beneficiaries by using 5% of real data to syntheti-
cally construct the whole dataset.

2) Related Work: Marble [15] is a sparse non-negative
tensor factorization approach which deals with count data.
Marble decomposes the tensor into two parts: a bias tensor and
an interaction tensor. The bias tensor represents the common
characteristics among all patients, while the interaction tensor
decomposes the tensor into R different phenotypes. Marble
fits a Poisson distribution to the count data and minimizes the
K L divergence. Moreover, to improve the interpretability of
extracted phenotypes, Marble imposes sparsity constraints by
zeroing out the values smaller than a threshold.

Rubik [30] uses the Alternating Direction Method of Mul-

tipliers (ADMM) [3] algorithm to deal with binary tensors
and minimize the Euclidean distance of the real and pre-
dicted tensors. Rubik, like Marble, decomposes the tensor
into bias and interaction parts. Phenotypes extracted by Rubik
are often more meaningful than Marble for two reasons: 1)
Orthogonality Constraint: Rubik incorporates orthogonality
constraints into the problem. Orthogonality can help produce
more distinct phenotypes by reducing the overlapping com-
ponents. 2) Guidance Knowledge: Rubik incorporates some
predefined knowledge to the objective function to improve the
interpretability of phenotypes.
In [I1], the authors proposed a PARAFAC2 model which
produces unique solutions for dense data sets. Unique solutions
ensure that the pursued solution is not an arbitrarily rotated
version of the actual latent factors [!1]. Recently, SPARTan
was proposed for PARAFAC2 modeling on large and sparse
data [25]. A specialized Matricized-Tensor-Times-Khatri-Rao-
Product (MTTKRP) was designed to efficiently decompose
the tensor both in terms of speed and memory. Finally, in
[1], the authors proposed COPA, a constrained PARAFAC2
model which applies non-negativity, smoothness, and sparsity
constraints to the resulting factor matrices.

3https://www.cms.gov/Research-Statistics- Data-and- Systems/
Downloadable-Public- Use-Files/SynPUFs/DE_Syn_PUF.html

1. Other projects

You are welcome to propose your own projects as long as 1)
they are health analytic projects and 2) they use big data tools
covered in this class (Hadoop, Spark). Note that we may not
able to provide much support on those projects. Also, please
contact our head TA Ming Liu (mliu302@ gatech.edu)first to
verify validity of the topic before you dive into actual work.

V. CONCLUSION
Best of luck on your project and data science rocks!
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