Big Healthcare Data Analytics
Challenges & Applications
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Big Healthcare Data
Challenges & Issues in Healthcare Data Analytics
Framework for Healthcare Data Analytics

Applications
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Motivation
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- Most of the medical practices are completed by ﬁ P
medical professionals backed by their experiences. ;‘ﬁA

- Clinical researches are conducted by researchers via
painstaking designed and costly experiments.

= Can Al and HPC technologies support them ? 7 v
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Drowning in data, thirsting for insight..... 25{8GB/ B (#99F1E8GB/ )

90%  25Bilion  80% 905PB / &

of the world's data was GBs of data / day ebndshor
created in the 1ast two years
—
' ALARTTF—4

In 2012, worldwide digital healthcare
data was estimated to be equal to 500
petabytes and is expected to reach
25,000 petabytes in 2020.

Hersh, W. (2011}, Health-care hit or miss? Nature
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Electronic Healthcare Records (BEFH)LF)

Demographics

BRERR. IREICER. etc.

Name, Age, Gender, Ethnic, Income, Education, etc.
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Unstructured Data

[B[{% : X-ray Image, CT scan, MRI
T#-ZI\ FEE’\ l|:| D-I-E%s %%ﬁﬁﬁ?ﬁ%~ etc

/
N




NIVATT T—HDiE4E

RT3

Sensor Data

ERE., Ov4A0
K. DR, mE

I < ECG(I1yE) . EMG(£5E) . EEG (B8
Unstructured Data @mis FDR. BILY, etc. J
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Unstructured Data Genome Data

+ SNS data (Geological. Psychological information)
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Challenges in Big Data Analytics

5Do%s: $hEKL EFEIC
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What & How: fa]Z&. ED KDIZ
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* Understanding
* Extracting

#*B

* Security

e Reuse

* Acquisition
* Annotation
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* C(Cleaning
* Integration

EES

* Querying
* Finding



Challenges in Big Data Analytics
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Challenges in Big Data Analytics

5Do%s: $hE L IEFEIZ  What & How: fa[Z&. ED LS

e

Enterprise Data Analysis and Visualization: An Interview Study

Sean Kandel, Andreas Paepcke, Joseph M. Hellerstein, and Jeffrey Heer

I spend more than half of my time integrating, cleansing
and transforming data without doing any actual analysis.

Most of the time I'm lucky if I get to do any analysis. Most
of the time once you transform the data you just do an av-
erage... the insights can be scarily obvious.

N




Issues: High-dimension & Sparsity (1/3)

EHR typically consists of hundreds to thousands of
medical features (4F%) from multiple sources.

— 4 main category: [ Diagnosis ][ Lab test ] [Medication] [ Procedure ]
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Issues: High-dimension & Sparsity (2/3)

« EHR typically consists of hundreds to thousands of
medical features (4F%) from multiple sources.

— 4 main category: [ Diagnosis ][ Lab test ] [Medication] [ Procedure ]

- f§ll: National University Hospital in Singapore

— #9 10,000 2&ED 1 FHEDT -5

— 4143 %¥45] (i.e., Diagnosis codes)

. [EPYRRDEE ICD-10 (International Statistical Classification of Diseases and
Related Health Problems)

— about 80% of the patients have fewer than 10 codes

— about 70% of the patients have fewer than 4 visits to the hospital



Features

Issues: High-dimension & Sparsity (3/3)

lllustration of high-dimensional and sparse dataset for a patient
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# of samples << # of features

e.g., NUH dataset®. BlixEzHFOMBKRREED 1 FRIOT—4
« about 3000 patients v.s. 8000 features
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Issues: Irregularity

o BECELICEZHEECERD time scale or granularity hY&ES
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Issues: Missing data, Noise, Bias
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Data Analytics

&

Data Curation

Framework for Big Healthcare Data Analytics

Visualization Complex Data Analytics Methods

Feature Analytic Model Predictive
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Framework for Big Healthcare Da/” )

Data Analytics
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Example of Data Extraction-Cleaning

Case Note (text) - Data Extraction - Data Cleansing

| ]
G R1: Error correction (32%F)
Pt given milo at triage at 0750hrs. BSL 3.7 mmol R2: Ambiguity removal (BEERS)
upon triage. R3: Relation discovery/construction (B8:&)
PMH R4: Filling missing values (R1E1E)
58 yo/Chinese/M
Ambulant with quadstick since Feb 2012 after CVA Pt fa] 2

0750  B¥fE?

1)DM BSL fa] 2
- Last Hbalc 6.2% (31/5/12) s o
- On metfomin 500mg BD and glipizide 10mg BD 3.7mmol AL KD

- Cx by . CVA XEMHERILZITNIE

Metfomin -> Metformin




Secure VPN for Healthcare Data Analytics

On-demand Secure Stage-in/out

Connect CMC-Group network and locate/transfer data
to compute nodes when only needed.
Disconnect network and delete data right after
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Example Application: 55 1EsfEEE
Dataset

Facial photo Oral photo

X-ray: Cephalogram CT (DICOMT—4)
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I : convex type profile T3,
DERERD LUEBEICA M1 OFEERD3,
E line : LARE(E linedD¥98.0mmal A (CAIEL TL\B.
THERE linekh 11 Smmal A (CAIBL TL3,

Jimbocho Orthodontic Clinic

. e <L 2Ef: EEAEASL), Nasolabial angle: 105°
Demographics: R, FHn. TERI7EE HEOEEN)(5VR. SEHEORAILT, HTHRORALBENTHS,
. N ETENSIRETORSCALT, DEDSA METORSLEELDE.,
TextT—%: AEAIAME. BERTHE., BEBHEGE

gl-sn:sn-me=1:1, sn-sto:sto-me=1:1.67
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Example Applications: Severity Measurement

Index of Orthodontic Treatment Priority (IOTN)

« malocclusion (ARIEBIE) A jaw abnormality (BEZEIE)DESLY
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Morphological Landmarking
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Input Data
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Convolution & Pooling operations  Multi-layer Perceptron
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Feature maps
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Convolutional Neural Network
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Thank You for listening!

Cybermedia Center & Graduate School of Dentistry
in Osaka University
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