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Medical	Classification

• CAML-NAACL’	18	(free	text)
• LEAP	(discrete	clinical	codes)
• Image	based	Classification	(Nature	skin	cancer)

Sun,	Xiao,	Choi,	dl4health.org



Explainable	Prediction	of	Medical	Codes	
from	Clinical	Text

James	Mullenbach,	Sarah	Wiegreffe,	Jon	Duke,	Jimeng Sun,	Jacob	Eisenstein

NAACL-HLT’	18

Sun,	Xiao,	Choi,	dl4health.org



CAML:	Clinical	Coding	Problem as	Multi-label	Classification

Electronic	Health	Records	
contain	rich	clinical	texts

ICD:	taxonomy	of	
diagnoses	&	procedures

Clinical	Coding

Laborious	and	error-prone

Multi-label	Classification

• Highly	multi-label	classification

• 14K	ICD9,	68K	ICD10 labels
• Testbed	for	document	

representations
• Documents	are	long	and	loosely	

structured



CAML: The	MIMIC-III	Dataset

● Open-access,	de-identified
● 47k	admissions	->	47k	documents	for	training
● Loosely	structured:

Admission Date:  [**2118-6-2**]       Discharge Date:  [**2118-6-14**]

Date of Birth:                    Sex:  F

Service:  MICU and then to [**Doctor Last Name **] Medicine

HISTORY OF PRESENT ILLNESS:  This is an 81-year-old female
with a history of emphysema (not on home O2), who presents...

Long: Median post-processed document length: 1,341

Many	labels:	
519.1: ‘Other disease…’
491.21: ‘Obstructive …’
518.81: ‘Acute respir…’
486: ‘Pneumonia, orga…’
276.1: ‘Hyposmolality…’
244.9: ‘Unspecified h…’
31.99: ‘Other operati…’
.
.
.

Median # labels: 14



CAML: Modeling	Consideration

...who sustained a fall at home she was found to 
have a large acute on chronic subdural hematoma
with extensive midline shift...

E849.0: Home accidents

801.26: ...subdural, 
and extradural 
hemorrhage...

● Focus	on	the	parts	that	matter
● Treat	labels	individually
● Be	fast!



The	CAML	model
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CAML:	Dealing	with	the	Long Tail
● Huge	label	space	(nearly	9,000	total)
● Many	labels	are	similar

250.00:	“Diabetes	mellitus	without	mention	of	complication,	type	II	or	
unspecified	type,	not	stated	as	uncontrolled”

250.02:	“Diabetes	mellitus	without	mention	of	complication,	type	II	or	
unspecified	type,	uncontrolled”

81



DR-CAML
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CAML:	Experiment	Results
● Enable future comparison
● Precision @ k: decision support use-case
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CAML:	Physician	Evaluation	Results
● Improves	upon	CNN,	

LogReg

● More	experts	needed!
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CAML:	Physician	Evaluation	Example
Code: 575.4

Full descriptions: Perforation of gallbladder

“. . in the setting of gallbladder perforation secondary to 
acute acalculous cholecystitis after . . . . . . . . 
inhalation hospital1 times a day metronidazole mg tablet sig
one tablet po tid times . . . . . . . to have an infection in 
your gallbladder requiring iv antibiotics and tube placement 
for . . .”

CAML cosine sim.
CNN

LogReg



CAML:		Summary

● ICD	coding	is	valuable	and	challenging
● Convolution	+	attention	works	well
● Attention	can	explain	the	predictions
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LEAP: Learning to Prescribe Effective and Safe
Treatment Combinations for Multimorbidity
Yutao Zhang,	Robert	Chen,	Jie	Tang,	Walter	F.	Stewart,	Jimeng	Sun

KDD’	17

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Multi-morbidity

• Co-occurrence of multiple
medical conditions

• Traditional way of prescribing
is based on doctors’ intuition.

• Clinical decisions can be sub-
optimal due to knowledge
gaps.

Sun,	Xiao,	Choi,	dl4health.org



Complex Dependency between Drugs and Diseases

• One drug can treat multiple
diseases.

• One disease requires a
combination of multiple drugs.

• Potential adverse interactions
among drugs.

• Potential conflicts between
drugs and diseases.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Treatment Recommendation for Multi-morbidity
Patients

• Many-to-many mapping:
• Patents are diagnosed with
multiple diseases.
• Requires a combination of
drugs ad a treatment.

• Learning from EHR data:
• No explicit mapping between
drugs and diseases.
• Complex dependencies.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Multi-Instance Multi-Label Learning

• Multi-Instance	Learning:
• A discrete set is given as input.
• Assign a label to each input set.

• Multi-Label Learning:
• Predict a variable length label set for each instance.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Multi-Instance	Learning Problem

• Independency assumption
• The instances within an input set are independent.

• Equal contribution assumption
• Each instances within an input set contribute equally to the generation of the
corresponding label.

• Not true in the setting of treatment recommendation due to the
complex high-order dependencies.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Multi-Label Learning Problem

• Binary Relevance
• The simplest solution.
• Assume independency among labels.
• Translate the Multi-label problem
into a set of binary problems.

• Classifier Chains
• Use the previous predictions as input
of the next classifier.

Sun,	Xiao,	Choi,	dl4health.org



LEAP Model

• Objective: Conditional probability p(Y|X) of drug set X given disease
set Y

• Inspired by Classifier Chains:
• Decompose the Combinatorial Optimization problem as a Sequential
Decision Making problem:

Sun,	Xiao,	Choi,	dl4health.org



LEAP Model

• At step t, predict the next label
based on input set X and the
previous predictions.

• Different instances in the input set
contribute differently to the
currently prediction.
• Eg. The weight of an input
disease should be decreased if it
has already been covered by
some predicted drug.

Sun,	Xiao,	Choi,	dl4health.org



LEAP Model

• is the state variable at step t.
• state : variable at step t-1
• : prediction at step t-1
• : an attention function over the input set, capturing the
compatibility between input instances and state variable

• Use RNN to model the Sequential Decision Making process.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Beam Search Decoding
• Starting from a <START> label.

• Keep the top-K prediction results.
• Move the prediction path into the candidate set when a <END> label
is predicted.

• Terminates if there is no better prediction path.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Reinforcement Fine-Tuning
Diagnosis

Prescription from doctor

Adverse drug interaction database

LEAP model

Prescription by LEAP model

Input
Generate

Reward

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Experimental Results
• Evaluated on real world EHR data from Sutter(heart disease and
epilepsy patients) and MIMIC-3(ICU patients).

• Use the first and third level of GPI codes and the candidate drug set.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Reinforcement Fine-tuning

• Average reward w.r.t training epochs

• Performance of avoiding adverse drug interactions.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Different Order of Labels

• Frequent-first performs the worst.

• Rare-first converges fast.
• Random-shuffle is the most robust one.

Sun,	Xiao,	Choi,	dl4health.org



LEAP:	Qualitative Evaluation

• The	results	are manually	scored by a
clinical expert
• 2: Completely	covers the diseases with
no conflict.
• 1: Partially covers the diseases (>50%)
with no conflict.
• 0: Conflict or incomplete (<50%)

• Case study:

Sun,	Xiao,	Choi,	dl4health.org



Dermatologist-level	classification	of	skin	
cancer	with	deep	neural	networks

A. Esteva, B. Kuprel, R.A. Novoa, J. Ko, S.M. Swetter, H.M. Blau, S. Thrun

Nature	542,	p115-118	(2017)

Sun,	Xiao,	Choi,	dl4health.org



Detecting	Skin	Cancer
• Dermatologist-level	classification	of	skin	cancer	with	deep	neural	networks
• Esteva,	Andre,	Brett	Kuprel,	Roberto	A.	Novoa,	Justin	Ko,	Susan	M.	Swetter,	
Helen	M.	Blau,	and	Sebastian	Thrun,	Nature	2017

• Given	clinical	images,	classify
• Keratinocyte	carcinomas	VS	benign	seborrheic	keratoses
• malignant	melanomas	VS	benign

Benign	or	Malignant?

Benign

Malignant

Sun,	Xiao,	Choi,	dl4health.org



Model	architecture:	inception	v3

Disease	hierarchy	curated	by	expertsSun,	Xiao,	Choi,	dl4health.org



Model	performance

• Better	than	average	board-certified	dermatologists

Sun,	Xiao,	Choi,	dl4health.org



Sequential	Prediction

• Dr.	AI/JAMIA-HF-RNN	(EHR- multilabel-binary)
• RETAIN	(EHR-interpretability)
• RAIM	(multimodal)
• CONTENT	(readmission	prediction,	PLOS	One)

Sun,	Xiao,	Choi,	dl4health.org



Doctor	AI:	Predicting	Clinical	Events	
via	Recurrent	Neural	Networks

Edward	Choi,	Mohammad	Taha Bahadori,	Andy	Schuetz,	Walter	F.	Stewart,	Jimeng	Sun

Machine	Learning	for	Healthcare	Conference,	2016

Sun,	Xiao,	Choi,	dl4health.org



Doctor	AI:	Background
• Disease	progression	modeling

Cough

Visit 1

Fever

Cough

Visit 2

Chill Fever

Visit 3

Tylenol

Chest X-ray

Tylenol

IV fluid

Given	past	visits	(visit1,	visit2),	 what	will	happen	at	the	
next	visit	(visit3)?
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Doctor	AI:	Model
• Feed	visits	into	the	RNN
• One	visit	at	each	timestep.
• Predict	next	events	at	each	timestep.

x0 xT-1

h0 hT-1

x1

h1

Softmax

ü&A	(= t")

Softmax

ü&"	(= t#)

Softmax

ü&†I"	(= t†)
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Doctor	AI:	Data

• Data
• 260K	patients	from	Sutter	Health
• Patient	records	over	10	years
• Input	codes

• Diagnosis	codes,	medication	codes,	procedure	codes	(38,000	codes)

• Output	labels
• 1,183	diagnosis	codes

Sun,	Xiao,	Choi,	dl4health.org



Doctor	AI:	Sequential	Prediction

• Predicting	diagnoses	in	the	next	visit

Lecture 1: Data Sources and Health Care Problems EHR and Claims Data

RNN	on	predicting	diagnoses	in	next	visit

0 10 20 30 40 50 60 70 80

last	visit

most	freq

logistic	regression

RNN

recall@30

Liu & Sun ICML2017 - Deep Health August 5, 2017 22 / 124

Lecture 1: Data Sources and Health Care Problems EHR and Claims Data

Disease	Progression	Modeling

Accuracy:

Liu & Sun ICML2017 - Deep Health August 5, 2017 21 / 124
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Doctor	AI:	Knowledge	Transfer
• Generalize	RNN	model	from	one	hospital	to	another

Lecture 1: Data Sources and Health Care Problems EHR and Claims Data

Generalize	RNN	model	from	one	
institution	to	another

Perform	better	when	warm	start	
the	existing	model

Perform	worse	when	cold-start		
from	random	 initialization	

Liu & Sun ICML2017 - Deep Health August 5, 2017 23 / 124
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RETAIN:	An	Interpretable	Predictive	Model	for	
Healthcare	using	Reverse	Time	Attention	Mechanism

Edward	Choi,	Mohammad	Taha Bahadori,	Joshua	A.	Kulas,	Andy	Schuetz,	
Walter	F.	Stewart,	Jimeng	Sun

NIPS’	16

Sun,	Xiao,	Choi,	dl4health.org



RETAIN:	Interpretable	Models

What	do	we	mean	by	interpretability	of	a	model?	

Three	categories	of	models:

• Rule	based:		e.g.	decision	trees
• Case	based:		e.g.	nearest	neighbor	methods

• Risk	factor	based:		e.g.	sparse	linear	regression

• Temporal	models?		Latent	variable	models

Sun,	Xiao,	Choi,	dl4health.org



Regular	Machine	Translation Neural	Attention	Mechanism

It	is	amazing	what	you	can	accomplish	
if	you	do	not	care	who	gets	the	credit
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It	is	amazing what	you	can	accomplish	
if	you	do	not	care	who	gets	the	credit
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Bahdanau,	Dzmitry,	Kyunghyun Cho,	and	Yoshua Bengio.	2014.		“Neural	Machine	
Translation	by	Jointly	Learning	to	Align	and	Translate.”

RETAIN:	Neural	Attention	Mechanism

Sun,	Xiao,	Choi,	dl4health.org



Embedding	of	input	
features

Importance	of	codes	
within	visits

Importance	of	each	
visits

RETAIN:	REverse	Time	AttentIoN	model
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Details	of	RETAIN
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Figure 2: Unfolded view of RETAIN’s architecture: Given input sequence x1, . . . ,xi, we predict the
label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
using RNN�, Step 4: Generating the context vector using attention and representation vectors, and
Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps.

Another key idea in RETAIN is to generate the attention vectors by running the RNNs backward in
time; i.e., RNN↵ and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. This
idea is inspired by the common behavior of physicians: When physicians try to diagnose based on
the past records, they typically study the patient’s most recent records first, and go back in time.
Computationally, running the RNN in reversed time order has several advantages as well: The reverse
time order allows us to generate e’s and �’s that dynamically change their values when making
predictions at different time steps i = 1, 2, . . . , T . It ensures that the attention vectors will be different
at each timestamp and makes the attention generation process computationally more stable.1

We generate the context vector ci for a patient up to the i-th visit as follows,

ci =
iX

j=1

↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)

where W 2 Rs⇥m and b 2 Rs are parameters to learn. We use the cross-entropy to calculate the
classification loss as follows,

L(x1, . . . ,xT ) = � 1

N

NX

n=1

1

T (n)

T (n)X

i=1

⇣
y>
i log(byi) + (1� yi)

> log(1� byi)
⌘

(1)

where we sum the cross entropy errors from all dimensions of byi. In case of real-valued output
yi 2 Rs, we can change the cross-entropy in Eq. (1) to for example mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded using RNN and generate the attention weights
using MLP. Our method, on the other hand, uses MLP to embed the visit information to preserve
interpretation and uses RNN to generate two sets of attention weights, recovering the sequential
information as well as mimicking the behavior of physicians.

1For example, feeding visit embeddings in the original order to RNN↵ and RNN� will generate the same e1
and �1 for every time step i = 1, 2, . . . , T . Moreover, in many cases, a patient’s recent visit records deserve
more attention than the old records. Then we need to have ej+1 > ej which makes the process computationally
unstable for long sequences.
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RETAIN:	Heart	Failure	Prediction	Results
Negative	Log	Likelihood	on	Test	Set Classification	AUC

Sun,	Xiao,	Choi,	dl4health.org



RETAIN:	Model	Interpretability
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RETAIN:	Summary

• Challenge:	Deep	learning	models	are	often	difficult	to	
interpret

• RETAIN	is	a	temporal	attention	model	on	electronic	health	
records
• Great	predictive	power
• Good	interpretation

Sun,	Xiao,	Choi,	dl4health.org



RAIM:	Recurrent	Attentive	and	Intensive	Model	of	
Multimodal	Patient	Monitoring	Data

Yanbo	Xu,	Siddharth	Biswal,	Shriprasad	Deshpande,	Kevin	Maher,	
and		Jimeng	Sun

KDD’	18

Sun,	Xiao,	Choi,	dl4health.org



RAIM:	Motivation

Sun,	Xiao,	Choi,	dl4health.org



Challenges: interpretable predictions

An example multi-channel physiological data monitored at ICU 

The predicted risk 
of decompensation 

is 0.84.

Prediction

More informative and probably 
influence most on the final prediction?Sun,	Xiao,	Choi,	dl4health.org



Challenges: interpretable predictions

An example multi-channel physiological data monitored at ICU 

The predicted risk 
of decompensation 

is 0.84.

Prediction

More informative and probably 
influence most on the final prediction?

Which channel(s) are 
more important to 
attend for making the 
prediction?

Sun,	Xiao,	Choi,	dl4health.org



RAIM: A recurrent attentive and intensive model

K
Channels

Xt

Guided
Multi-channel

Attention

LSTM

Guidance matrix

yt

Multimodal 
input 

processing

ü Multimodal input integrating
• Irregular and regular discrete data
• Continuous streaming data

ü High-density signal processing
• Recurrent deep neural networks

ü Attention-based interpretable modeling
• Multi-channel attention
• Guided attention

Sun,	Xiao,	Choi,	dl4health.org



RAIM: Multimodal input processing

Ø Labs and medications are prioritized as a 
guidance matrix telling which time steps 
are more important to attend.

Oxygen Saturation
Glucose

TemperaturePO Intake
Lab measurements Intervention Lab measurements

CNN

…

CNN CNN

…
…
…

Guidance matrix

LSTM
a1 a2 at

Ø CNNs are applied for encoding short-term 
dense signals.

Ø Regularly recorded discrete values are 
unified into input vectors.

Ø RNN is applied for encoding long-term 
sequential behaviors.
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RAIM:	Predicting	Length	of	Hospital	Stay
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Readmission	prediction	via	deep	contextual	
embedding	of	clinical	concepts

Cao	Xiao	,	Tengfei	Ma	,	Adji B.	Dieng,	David	M.	Blei,	Fei	Wang

PLOS	One,	2018

Sun,	Xiao,	Choi,	dl4health.org



Hospital	Readmission

June	01 June	12 July	28

Discharge Admission AdmissionDischarge

June	20

30	day	
readmission

• In	the	U.S.,	involve	17.6%	of	hospital-admitted	patients,	accounted	for	$17:9	
billion	Medicare	spending	per	year,	while	76%	of	them	are	potentially	
avoidable.

• Targeted	follow-ups	that	focus	on	patients	with	high	risks	of	readmissions	
could	help	reduce	readmission	rate.

• Readmission	risks	are	hard	to	predict due	to	its	complex	entanglements	with	
the	patients’	health	conditions.

Sun,	Xiao,	Choi,	dl4health.org



CONTENT:	Deep	Contextual	Embedding	of	
Clinical	Concepts

CONTENT is	an	end-to-end	hybrid	deep	learning	model	structure	that	combines	
topic	modeling	and	Recurrent	Neural	Network	(RNN)	to	distill	the	complex	
knowledge	hidden	in	those	contexts.

June	01 June	12 July	28

Discharge Admission AdmissionDischarge

June	20

30	day	
readmission

near-term	
dependencies	

long-term	
effect

Global	Context Local	Context
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The	CONTENT	Model

Input	patient	health	record	

For	èth visit,	compute	X^ =
¶ß®(U^I", X^I";Yé,Y*)

Compute	readmission	indicator	%^ ∼ ](™^X^ + ´^
†¨) where	

´^ =
"

≠Æ
∑eØ,	eØ is	the	latent	topic	vector	for	medical	code	

h in	this	visit,	∞^ is	the	number	of	codes	in	this	visit.

Generate	global	context	¨
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CONTENT:	Model	Inference

Original	
Objective

Approximate	
Objective

New
Objective

Inference	Network
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CONTENT:	Inference	Network	±(¨)

Generate	Global	Context	Vector	¨

¨

Input:	Patient	
Representation	Matrix
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CONTENT:	Readmission	Prediction

Data	split	

• training:	4000	patients
• validation:	700	patients
• testing:	693	patients

Sun,	Xiao,	Choi,	dl4health.org



CONTENT:	Interpretability

Cluster	1 Cluster	2 Cluster	3 Cluster	4
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Med2Vec:	Multi-layer	Representation	
Learning	for	Medical	Concepts

Edward	Choi,	Mohammad	T.	Bahadori,	Elizabeth	Searles,	
Catherine	Coffey,	Jimeng	Sun

KDD’16

Sun,	Xiao,	Choi,	dl4health.org



Med2Vec:	Background
• Learn	good	representations	of	medical	concepts
• Diagnosis/medication/procedure	codes

• Utilize	2-level	structure	of	EHR

Cough

Visit 1

Fever

Cough

Visit 2

Chill Fever

Visit 3

Tylenol

Chest X-ray

Tylenol

IV fluid

Sequential	relation

Co-occurrence	 Co-occurrence	only:	
Choi,	Youngduck,	Chill	Yi-I.	Chiu,	and	David	Sontag.	
"Learning	low-dimensional	representations	of	medical	concepts.”,	AMIA	2016
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Med2Vec:	Model
• Model	architecture
• Exploit	two-layer	structure	of	longitudinal	EHR

• Intra-visit	codes	provide	co-occurrence	information
• Visit	sequence	provides	sequential	information

+

. . .0 1 0 0 0 0 1 0

vt

xt+1

ut dt

xt-1

xt

Softmax

xt-2 xt+2 . . . . . . 

ReLU(Wv [ut , dt] + bv) 

ReLU(Wcxt + bc) 

{0, 1}|C|

Demographic	information
Intermediate	(code-level)

representation

Visit-level	representation

Non-negativity	for	interpretability
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Med2Vec:	Data
• Data
• Children’s	Healthcare	of	Atlantawhere T is the number of visits, M

2
is the average of squared

number of medical codes within a visit, |C| the number of
unique medical codes, m the size of the code representation.
The M2 factor comes from iterating over all possible pairs
of codes within a visit. The complexity of the visit-level
objective function Eq.(2) is as follows,

O(Tw(|C|(m+ n) +mn))

where w is the size of the context window, n the size of the
visit representation. The added terms come from generating
a visit representation via MLP. Since size of code represen-
tation m and size of visit representation n generally have the
same order of magnitude, we can replace n with m. Further-
more, m is generally smaller than |C| by at least two orders
of magnitude. Therefore the overall complexity of Med2Vec
can be simplified as follows.

O(T |C|m(M
2
+ w))

Here we notice that M
2
is generally larger than w. In our

work, the average number of codes M per visit for two
datasets are 7.88 and 3.19 according to Tables 1, respec-
tively, whereas we select the window size w to be at most
5 in our experiments. Therefore the complexity of Med2Vec
is dominated by the code representation learning process,
for which we use the Skip-gram algorithm. This means that
exploiting visit-level information to learn e�cient represen-
tations for both visits and codes does not incur much addi-
tional cost.

4. EXPERIMENTS
In this section, we evaluate the performance of Med2Vec

in both public and proprietary datasets. First we describe
the datasets. Then we describe evaluation strategies for code
and visit representations, along with implementation details.
Then we present the experiment results of code and visit rep-
resentations with discussion. We conclude with convergence
and scalability study. We make the source code of Med2Vec
publicly available at https://github.com/mp2893/med2vec.

4.1 Dataset description
We evaluate performance of Med2Vec on a dataset pro-

vided by Children’s Healthcare of Atlanta (CHOA)2. We ex-
tract visit records from the dataset, where each visit contains
several medical codes (e.g. diagnosis, medication, procedure
codes). The diagnosis codes follow ICD-9 codes, the medica-
tion codes are denoted by National Drug Codes (NDC), and
the procedure codes follow Category I of Current Procedu-
ral Terminology (CPT). We exclude patients who had less
that two visits to showcase Med2Vec’s ability to use sequen-
tial information of visits. The basic statistics of the dataset
are summarized in Table 1. The data are fully de-identified
and do not include any personal health information (PHI).

We divide the dataset into two groups in a 4:1 ratio.
The former is used to train Med2Vec. The latter is held
o↵ for evaluating the visit-level representations, where we
train models to predict visit-related labels. The details of
the evaluation will be provided in the following subsections.

We also use CMS dataset, a publicly available3 syn-
2http://www.choa.org/
3https://www.cms.gov/Medicare/
Quality-Initiatives-Patient-Assessment-Instruments/
OASIS/DataSet.html

Table 1: Basic statistics of CHOA and CMS dataset.

Dataset CHOA CMS

# of patients 550,339 831,210
# of visits 3,359,240 5,464,950
Avg. # of visits per patient 6.1 6.57
# of unique medical codes 28,840 21,033
- # of unique diagnosis codes 10,414 14,111
- # of unique medication codes 12,892 N/A
- # of unique procedure codes 5,534 6,922
Avg. # of codes per visit 7.88 3.19
Max # of codes per visit 440 44
(95%, 99%) percentile
# of codes per visit

(22, 53) (9, 13)

thetic EHR dataset. The basic information of CMS is also
given in Table 1. Compared to CHOA dataset, the CMS
dataset has more patients but fewer unique medical codes.
The average number of codes per visit is also smaller than
that of CHOA dataset. Since CMS dataset is synthetic, we
use it only for testing the scalability of Med2Vec and baseline
models in section 4.7.

4.2 Evaluation Strategy of code representations

Qualitative evaluation by medical experts.

For a comprehensive qualitative evaluation, we perform
a relatedness test by selecting 100 most frequent diagnosis
codes and their 5 closest diagnoses, medications and proce-
dures in terms of cosine similarity. This allow us to know if
the learned representations e↵ectively capture the latent re-
lationships among them. Two medical experts from CHOA
check each item and assign related, possible and unrelated
labels.

Quantitative evaluation with baselines.

We use medical code groupers to quantitatively evalu-
ate the code representations. Code groupers are used to
collapse individual medical codes into clinically meaningful
categories. For example, Clinical Classifications Software
(CCS) groups ICD9 diagnosis codes into 283 categories such
as tuberculosis, bacterial infection, and viral infection.
We apply K-means clustering to the learned code rep-

resentations and calculate the normalized mutual informa-
tion (NMI) based on the group label of each code. We
use the CCS as the ground truth for evaluating the code
representation for diagnosis. For medication code evalua-
tion, we use American Hospital Formulary Service (AHFS)
pharmacologic-therapeutic classification, which groups NDC
codes into 165 categories. For procedure code evaluation,
we use the second-level grouping of CPT category I, which
groups CPT codes into 115 categories.Thus, we set the num-
ber of clusters k to 283, 165, 115 respectively for the diagno-
sis, medication, procedure code evaluation, which matches
the numbers of groups from individual groupers.
For baselines, we use popular methods that e�ciently ex-

ploit co-occurrence information. Skip-gram (which is used
in learning representations of medical concepts by [10, 9])
is trained using Eq. (3). GloVe will be trained on the co-
occurrence matrix of medical codes, for which we counted
the codes co-occurring within a visit. Additionally, we also
report well-known baselines such as singular value decom-
position on the co-occurrence matrix.
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• Visualizing	the	learned	representations
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Med2Vec encoding is well aligned with medical knowledge
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Med2Vec:	Prediction
• Using	the	learned	representations	for	prediction

Figure 3: The top row and the bottom row respectively show the Recall@30 for predicting the future medical codes and
the AUC for predicting the CRG class when changing di↵erent hyperparameters. The basic configuration for Med2Vec is
m,n = 200, w = 1, and the training epoch set to 10. The basic configuration for all baseline models is 200 for code
representation size (or hidden layer size) and training epoch also set to 10. In each column, we change one hyperparameter
while fixing others to the basic configuration.

Figure 4: The first figure shows the convergence behavior of all models on the CHOA dataset. The second and third figures
show the relationship between the training time and the dataset size for all models respectively using the CHOA dataset and
the CMS dataset.

representation of medications. This is due to the precise na-
ture the medication prescription. For example, Med2Vec cal-
culated that Ofloxacin, an antibiotic sometimes used to treat
middle-ear infection, was related to sensorineural hearling
loss (SNHL), an inner-ear problem. On the surface level,
this is a wrong relationship. But Med2Vec can be seen as
capturing the deeper relationship between medical concepts
that is not always clear on the surface level.

Table 3 shows the clustering NMI of diagnosis, medication
and procedure codes, measured for various models. Med2Vec
shows more or less similar conformity to the existing groupers
as Skip-gram. SVD shows the weakest conformity among
all models. GloVe exhibits significantly stronger conformity
than any other models. Exploiting the global co-occurrence
matrix seems to help learn code representations where sim-
ilar codes are closer to each other in terms of Euclidean
distance.

However, the degree of conformity of the code representa-

tions to the groupers does not necessarily indicate how well
the code representations capture the hidden relationships.
For example, CCS categorizes ICD9 224.4 Benign neoplasm
of cornea as CCS 47 Other and unspecified benign neoplasm,
and ICD9 370.00 Unspecified corneal ulcer as CCS 91 Other
eye disorders. But the two diagnosis codes are both eye re-
lated problems, and they could be considered related in that
sense. Therefore we recommend the readers use the evalua-
tion results for comparing the performance between Med2Vec
and other baselines, rather than for measuring the absolute
performance.
In the following visit-level evaluation, we show that the

code representations’ strong conformity to the existing groupers
alone does not directly transfer to good visit representations.

4.6 Results of the visit-level evaluation
The first row of Figure 3 shows the Recall@30 for predict-

ing the future medical codes. First, in all of the experiments,
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GRAM:	Learn	representations	of	medical	codes	
leveraging	medical	ontologies
• Method:	Generate	a	medical	code	representation	vector	by	combining	
the	representation	vectors	of	its	ancestors	using	the	attention	
mechanism
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Figure 2: Unfolded view of RETAIN’s architecture: Given input sequence x1, . . . ,xi, we predict the
label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
using RNN�, Step 4: Generating the context vector using attention and representation vectors, and
Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

where gi 2 Rp is the hidden layer of RNN↵ at time step i, hi 2 Rq the hidden layer of RNN�

at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.

As noted, RETAIN generates the attention vectors by running the RNNs backward in time; i.e., RNN↵

and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. Running the RNN
in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
iX

j=1

↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
where W 2 Rs⇥m and b 2 Rs are parameters to learn. We use the cross-entropy to calculate the
classification loss as follows,

L(x1, . . . ,xT ) = � 1

N

NX

n=1

1

T (n)

T (n)X

i=1

⇣
y>
i log(byi) + (1� yi)

> log(1� byi)
⌘

(1)

where we sum the cross entropy errors from all dimensions of byi. In case of real-valued output
yi 2 Rs, we can change the cross-entropy in Eq. (1) to, for example, mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
and uses RNN to generate two sets of attention weights, recovering the sequential information as
well as mimicking the behavior of physicians. Note that we did not use the timestamp of each visit
in our formulation. Using timestamps, however, provides a small improvement in the prediction
performance. We propose a method to use timestamps in Appendix A.

1For example, feeding visit embeddings in the original order to RNN↵ and RNN� will generate the same e1
and �1 for every time step i = 1, 2, . . . , T . Moreover, in many cases, a patient’s recent visit records deserve
more attention than the old records. Then we need to have ej+1 > ej which makes the process computationally
unstable for long sequences.
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label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
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Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

where gi 2 Rp is the hidden layer of RNN↵ at time step i, hi 2 Rq the hidden layer of RNN�

at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.

As noted, RETAIN generates the attention vectors by running the RNNs backward in time; i.e., RNN↵

and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. Running the RNN
in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
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↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
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yi 2 Rs, we can change the cross-entropy in Eq. (1) to, for example, mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
and uses RNN to generate two sets of attention weights, recovering the sequential information as
well as mimicking the behavior of physicians. Note that we did not use the timestamp of each visit
in our formulation. Using timestamps, however, provides a small improvement in the prediction
performance. We propose a method to use timestamps in Appendix A.
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label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
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at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
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simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.
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in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
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↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
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mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
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label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
using RNN�, Step 4: Generating the context vector using attention and representation vectors, and
Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

where gi 2 Rp is the hidden layer of RNN↵ at time step i, hi 2 Rq the hidden layer of RNN�

at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.

As noted, RETAIN generates the attention vectors by running the RNNs backward in time; i.e., RNN↵

and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. Running the RNN
in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
iX

j=1

↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
where W 2 Rs⇥m and b 2 Rs are parameters to learn. We use the cross-entropy to calculate the
classification loss as follows,

L(x1, . . . ,xT ) = � 1
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where we sum the cross entropy errors from all dimensions of byi. In case of real-valued output
yi 2 Rs, we can change the cross-entropy in Eq. (1) to, for example, mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
and uses RNN to generate two sets of attention weights, recovering the sequential information as
well as mimicking the behavior of physicians. Note that we did not use the timestamp of each visit
in our formulation. Using timestamps, however, provides a small improvement in the prediction
performance. We propose a method to use timestamps in Appendix A.

1For example, feeding visit embeddings in the original order to RNN↵ and RNN� will generate the same e1
and �1 for every time step i = 1, 2, . . . , T . Moreover, in many cases, a patient’s recent visit records deserve
more attention than the old records. Then we need to have ej+1 > ej which makes the process computationally
unstable for long sequences.
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Attention weights are generated for all pairs of basic embeddings and its ancestors .

Final representation is the weighted sum of attention weights and basic embeddings.

Sequence of visit representations are obtained using the Embedding matrix G.

Performing sequential diagnoses prediction, outcomes are generated by RNN and Softmax.

of the code c j and �i j 2 R+ the attention weight on the embedding
ej when calculating gi . The attention weight �i j in Eq. (1) is
calculated by the following Softmax function,

�i j =
exp(f (ei , ej ))Õ

k 2A(i) exp(f (ei , ek ))
(2)

f (ei , ej ) is a scalar value representing the compatibility between
the basic embeddings of ei and ek . We compute f (ei , ej ) via the
following feed-forward network with a single hidden layer (MLP),

f (ei , ej ) = u>a tanh(Wa


ei
ej

�
+ ba ) (3)

whereWa 2 Rl⇥2m is the weight matrix for the concatenation of
ei and ej , b 2 Rl the bias vector, and ua 2 Rl the weight vector for
generating the scalar value. The constant l represents the dimen-
sion size of the hidden layer of f (·, ·). We concatenate ei and ej in
the child-ancestor order. Note that the compatibility function f is
an MLP, because MLP is well known to be a su�cient approximator
for an arbitrary function, and we empirically found that our formu-
lation performed better in our use cases than alternatives such as
inner product and Bahdanau et al.’s [2].
Remarks: The example in Figure 1 is derived based on a single
path from ci to ca . However, the same mechanism can be applicable
to multiple paths as well. For example, code ck has two paths to
the root ca , containing �ve ancestors in total. Another scenario
is where the EHR data contain both leaf codes and some ancestor
codes. We can move those ancestors present in EHR data from the
set C0 to C and apply the same process as Eq. (1) to obtain the �nal
representations for them.

2.3 End-to-End Training with a Predictive
Model

We train the attention mechanism together with a predictive model
such that the attention mechanism improves the predictive perfor-
mance. By concatenating �nal representation g1, g2, . . . , g |C | of all
medical codes, we have the embedding matrix G 2 Rm⇥ |C | where
gi is the i-th column of G. As shown in the right side of Figure 1,
we can convert a visitVt to a visit representation vt by multiplying
the embedding matrix G with a multi-hot (i.e. multi-label binary)
vector xt indicating the clinical events in the visit Vt , followed by
a nonlinear activation via tanh. Finally the visit representation vt
will be used as an input to the neural network model for predicting
the target label yt . In this work, we use RNN as the choice of the
NN model to perform sequential diagnoses prediction [9, 10]. That
is, we are interested in predicting the disease codes of the next visit
Vt+1 given the visit records up to the current timestepV1,V2, . . . ,Vt ,
which can be expressed as follows,

v1, v2, . . . , vt = tanh(G[x1, x2, . . . , xt ]),
h1, h2, . . . , ht = RNN(v1, v2, . . . , vt ,�r ), (4)

byt = bxt+1 = So�max(Wht + b),

where xt 2 R |C | denotes the multi-hot vector for the t-th visit;
vt 2 Rm the t-th visit representation; ht 2 Rr the RNN’s hidden
layer at the t-th time step (i.e. t-th visit); �r RNN’s parameters;
W 2 R |C |⇥r and b 2 R |C | the weight matrices and the bias vector
of the �nal Softmax function (r denotes the dimension size of the

Algorithm 1 GRAM Optimization
Randomly initialize basic embedding matrix E, attention param-
eters ua ,Wa , ba , RNN parameter �r , softmax parametersW, b.

repeat
Update E with GloVe objective function (see Section 2.4)

until convergence
repeat
X random patient from dataset
for visit Vt in X do
for code ci in Vt do

Refer G to �nd ci ’s ancestors C 0
for code c j in C 0 do
Calculate attention weight �i j using Eq. (2).

end for
Obtain �nal representation gi using Eq. (1).

end for
vt  tanh(Õi :ci 2Vt gi )
Make predictionbyt using Eq. (4)

end for
Calculate prediction loss L using Eq .(5)
Update parameters according to the gradient of L

until convergence

hidden layer). Note that we use Softmax instead of dimension-
wise sigmoid for predicting multiple disease codes in the next visit
Vt+1 because it showed better performance. Here we use “RNN” to
denote any recurrent neural network variants that can cope with
the vanishing gradient problem [3], such as LSTM [18], GRU [8],
and IRNN [21]. The prediction loss for all time steps is calculated
using the binary cross entropy as follows,

L(x1, x2 . . . , xT ) = �
1

T � 1

T�1’
t=1

⇣
yt> log(byt )+ (1�yt )> log(1�byt )⌘ (5)

where we sum the cross entropy errors from all timestamps ofbyt ,T
denotes the number of timestamps of the visit sequence. Note that
the above loss is de�ned for a single patient. In actual implemen-
tation, we will take the average of the individual loss for multiple
patients. Algorithm 1 describes the overall GRAM training proce-
dure assuming that we are performing the sequential diagnoses
prediction task using an RNN. Note that Algorithm 1 describes
stochastic gradient update to avoid clutter, but it can be easily ex-
tended to other gradient based optimization such as mini-batch
gradient update.

2.4 Initializing Basic Embeddings
The attention generation mechanism in Section 2.2 requires basic
embeddings ei of each node in the knowledge DAG. The basic
embeddings of ancestors, however, are not usually observed in the
data. To properly initialize them, we use co-occurrence information
to learn the basic embeddings of medical codes and their ancestors.
Co-occurrence has proven to be an important source of information
when learning representations of words or medical concepts [11,
13, 27]. To train the basic embeddings, we employ GloVe [31],
which uses the global co-occurrence matrix of words to learn their
representations. In our case, the co-occurrence matrix of the codes
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ej when calculating gi . The attention weight �i j in Eq. (1) is
calculated by the following Softmax function,
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whereWa 2 Rl⇥2m is the weight matrix for the concatenation of
ei and ej , b 2 Rl the bias vector, and ua 2 Rl the weight vector for
generating the scalar value. The constant l represents the dimen-
sion size of the hidden layer of f (·, ·). We concatenate ei and ej in
the child-ancestor order. Note that the compatibility function f is
an MLP, because MLP is well known to be a su�cient approximator
for an arbitrary function, and we empirically found that our formu-
lation performed better in our use cases than alternatives such as
inner product and Bahdanau et al.’s [2].
Remarks: The example in Figure 1 is derived based on a single
path from ci to ca . However, the same mechanism can be applicable
to multiple paths as well. For example, code ck has two paths to
the root ca , containing �ve ancestors in total. Another scenario
is where the EHR data contain both leaf codes and some ancestor
codes. We can move those ancestors present in EHR data from the
set C0 to C and apply the same process as Eq. (1) to obtain the �nal
representations for them.

2.3 End-to-End Training with a Predictive
Model

We train the attention mechanism together with a predictive model
such that the attention mechanism improves the predictive perfor-
mance. By concatenating �nal representation g1, g2, . . . , g |C | of all
medical codes, we have the embedding matrix G 2 Rm⇥ |C | where
gi is the i-th column of G. As shown in the right side of Figure 1,
we can convert a visitVt to a visit representation vt by multiplying
the embedding matrix G with a multi-hot (i.e. multi-label binary)
vector xt indicating the clinical events in the visit Vt , followed by
a nonlinear activation via tanh. Finally the visit representation vt
will be used as an input to the neural network model for predicting
the target label yt . In this work, we use RNN as the choice of the
NN model to perform sequential diagnoses prediction [9, 10]. That
is, we are interested in predicting the disease codes of the next visit
Vt+1 given the visit records up to the current timestepV1,V2, . . . ,Vt ,
which can be expressed as follows,

v1, v2, . . . , vt = tanh(G[x1, x2, . . . , xt ]),
h1, h2, . . . , ht = RNN(v1, v2, . . . , vt ,�r ), (4)

byt = bxt+1 = So�max(Wht + b),

where xt 2 R |C | denotes the multi-hot vector for the t-th visit;
vt 2 Rm the t-th visit representation; ht 2 Rr the RNN’s hidden
layer at the t-th time step (i.e. t-th visit); �r RNN’s parameters;
W 2 R |C |⇥r and b 2 R |C | the weight matrices and the bias vector
of the �nal Softmax function (r denotes the dimension size of the

Algorithm 1 GRAM Optimization
Randomly initialize basic embedding matrix E, attention param-
eters ua ,Wa , ba , RNN parameter �r , softmax parametersW, b.

repeat
Update E with GloVe objective function (see Section 2.4)

until convergence
repeat
X random patient from dataset
for visit Vt in X do
for code ci in Vt do

Refer G to �nd ci ’s ancestors C 0
for code c j in C 0 do
Calculate attention weight �i j using Eq. (2).

end for
Obtain �nal representation gi using Eq. (1).

end for
vt  tanh(Õi :ci 2Vt gi )
Make predictionbyt using Eq. (4)

end for
Calculate prediction loss L using Eq .(5)
Update parameters according to the gradient of L

until convergence

hidden layer). Note that we use Softmax instead of dimension-
wise sigmoid for predicting multiple disease codes in the next visit
Vt+1 because it showed better performance. Here we use “RNN” to
denote any recurrent neural network variants that can cope with
the vanishing gradient problem [3], such as LSTM [18], GRU [8],
and IRNN [21]. The prediction loss for all time steps is calculated
using the binary cross entropy as follows,
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where we sum the cross entropy errors from all timestamps ofbyt ,T
denotes the number of timestamps of the visit sequence. Note that
the above loss is de�ned for a single patient. In actual implemen-
tation, we will take the average of the individual loss for multiple
patients. Algorithm 1 describes the overall GRAM training proce-
dure assuming that we are performing the sequential diagnoses
prediction task using an RNN. Note that Algorithm 1 describes
stochastic gradient update to avoid clutter, but it can be easily ex-
tended to other gradient based optimization such as mini-batch
gradient update.

2.4 Initializing Basic Embeddings
The attention generation mechanism in Section 2.2 requires basic
embeddings ei of each node in the knowledge DAG. The basic
embeddings of ancestors, however, are not usually observed in the
data. To properly initialize them, we use co-occurrence information
to learn the basic embeddings of medical codes and their ancestors.
Co-occurrence has proven to be an important source of information
when learning representations of words or medical concepts [11,
13, 27]. To train the basic embeddings, we employ GloVe [31],
which uses the global co-occurrence matrix of words to learn their
representations. In our case, the co-occurrence matrix of the codes

where

Figure 1: The illustration of GRAM. Leaf nodes (solid circles) represents a medical concept in the EHR, while the non-leaf nodes
(dotted circles) representmore general concepts. The�nal representation gi of the leaf concept ci is computed by combining the
basic embeddings ei of ci and e� , ec and ea of its ancestors c� , cc and ca via an attention mechanism. The �nal representations
form the embeddingmatrixG for all leaf concepts. After that, we useG to embed patient visit vector xt to a visit representation
vt , which is then fed to a neural network model to make the �nal prediction ŷt .
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We compare predictive performance (i.e. accuracy, data needs,
interpretability) of GRAM to various models including the recurrent
neural network (RNN) in two sequential diagnoses prediction tasks
and one heart failure (HF) prediction task. We demonstrate that
GRAM is up to 10% more accurate than the basic RNN for predicting
diseases less observed in the training data. After discussing GRAM’s
scalability, we visualize the representations learned from various
models, where GRAM provides more intuitive representations by
grouping similar medical concepts close to one another. Finally, we
show GRAM’s attention mechanism can be interpreted to understand
how it assigns the right amount of attention to the ancestors of
each medical concept by considering the data availability and the
ontology structure.

2 METHODOLOGY
We �rst de�ne the notations describing EHR data and medical
ontologies, followed by a description of GRAM (Section 2.2), the end-
to-end training of the attention generation and predictive modeling
(Section 2.3), and the e�cient initialization scheme (Section 2.4).

2.1 Basic Notation
Wedenote the set of entiremedical codes from the EHR as c1, c2, . . . ,
c |C | 2 C with the vocabulary size |C|. The clinical record of each
patient can be viewed as a sequence of visits V1, . . . ,VT where
each visit contains a subset of medical codes Vt ✓ C. Vt can be
represented as a binary vector xt 2 {0, 1} |C | where the i-th element
is 1 only if Vt contains the code ci . To avoid clutter, all algorithms
will be presented for a single patient.

We assume that a given medical ontology G typically expresses
the hierarchy of various medical concepts in the form of a parent-
child relationship, where the medical codes C form the leaf nodes.
Ontology G is represented as a directed acyclic graph (DAG) whose
nodes form a set D = C + C0. The set C0 = {c |C |+1, c |C |+2, . . . ,
c |C |+ |C0 | } consists of all non-leaf nodes (i.e. ancestors of the leaf
nodes), where |C0 | represents the number of all non-leaf nodes. We

use knowledge DAG to refer to G. A parent in the knowledge DAG
G represents a related but more general concept over its children.
Therefore, G provides a multi-resolution view of medical concepts
with di�erent degrees of speci�city. While some ontologies are
exclusively expressed as parent-child hierarchies (e.g. ICD-9, CCS),
others are not. For example, in some instances SNOMED-CT also
links medical concepts to causal or treatment relationships, but a
majority of the relationships in SNOMED-CT are still parent-child.
Therefore, we focus on the parent-child relationships in this work.

2.2 Knowledge DAG and the Attention
Mechanism

GRAM leverages the parent-child relationship of G to learn robust
representations when data volume is constrained. GRAM balances
the use of ontology information in relation to data volume in de-
termining the level of speci�city for a medical concept. When a
medical concept is less frequent in the data, more weight is given
to its ancestors as they can be learned more accurately and o�er
general (coarse-grained) information about their children. The pro-
cess of resorting to the parent concepts can be automated via the
attention mechanism and the end-to-end training as described in
Figure 1.

In the knowledge DAG, each node ci is assigned a basic em-
bedding vector ei 2 Rm , wherem represents the dimensionality.
Then e1, . . . , e |C | are the basic embeddings of the codes c1, . . . , c |C |
while e |C |+1, . . . , e |C |+ |C0 | represent the basic embeddings of the
internal nodes c |C |+1, . . . , c |C |+ |C0 | . The initialization of these ba-
sic embeddings is described in Section 2.4. We formulate a leaf
node’s �nal representation as a convex combination of the basic
embeddings of itself and its ancestors:

gi =
’

j 2A(i)
�i jej ,

’
j 2A(i)

�i j = 1, �i j � 0 for j 2 A(i), (1)

where gi 2 Rm denotes the �nal representation of the code ci ,A(i)
the indices of the code ci and ci ’s ancestors, ej the basic embedding

of the code c j and �i j 2 R+ the attention weight on the embedding
ej when calculating gi . The attention weight �i j in Eq. (1) is
calculated by the following Softmax function,

�i j =
exp(f (ei , ej ))Õ

k 2A(i) exp(f (ei , ek ))
(2)

f (ei , ej ) is a scalar value representing the compatibility between
the basic embeddings of ei and ek . We compute f (ei , ej ) via the
following feed-forward network with a single hidden layer (MLP),

f (ei , ej ) = u>a tanh(Wa
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ej
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whereWa 2 Rl⇥2m is the weight matrix for the concatenation of
ei and ej , b 2 Rl the bias vector, and ua 2 Rl the weight vector for
generating the scalar value. The constant l represents the dimen-
sion size of the hidden layer of f (·, ·). We concatenate ei and ej in
the child-ancestor order. Note that the compatibility function f is
an MLP, because MLP is well known to be a su�cient approximator
for an arbitrary function, and we empirically found that our formu-
lation performed better in our use cases than alternatives such as
inner product and Bahdanau et al.’s [2].
Remarks: The example in Figure 1 is derived based on a single
path from ci to ca . However, the same mechanism can be applicable
to multiple paths as well. For example, code ck has two paths to
the root ca , containing �ve ancestors in total. Another scenario
is where the EHR data contain both leaf codes and some ancestor
codes. We can move those ancestors present in EHR data from the
set C0 to C and apply the same process as Eq. (1) to obtain the �nal
representations for them.

2.3 End-to-End Training with a Predictive
Model

We train the attention mechanism together with a predictive model
such that the attention mechanism improves the predictive perfor-
mance. By concatenating �nal representation g1, g2, . . . , g |C | of all
medical codes, we have the embedding matrix G 2 Rm⇥ |C | where
gi is the i-th column of G. As shown in the right side of Figure 1,
we can convert a visitVt to a visit representation vt by multiplying
the embedding matrix G with a multi-hot (i.e. multi-label binary)
vector xt indicating the clinical events in the visit Vt , followed by
a nonlinear activation via tanh. Finally the visit representation vt
will be used as an input to the neural network model for predicting
the target label yt . In this work, we use RNN as the choice of the
NN model to perform sequential diagnoses prediction [9, 10]. That
is, we are interested in predicting the disease codes of the next visit
Vt+1 given the visit records up to the current timestepV1,V2, . . . ,Vt ,
which can be expressed as follows,

v1, v2, . . . , vt = tanh(G[x1, x2, . . . , xt ]),
h1, h2, . . . , ht = RNN(v1, v2, . . . , vt ,�r ), (4)

byt = bxt+1 = So�max(Wht + b),

where xt 2 R |C | denotes the multi-hot vector for the t-th visit;
vt 2 Rm the t-th visit representation; ht 2 Rr the RNN’s hidden
layer at the t-th time step (i.e. t-th visit); �r RNN’s parameters;
W 2 R |C |⇥r and b 2 R |C | the weight matrices and the bias vector
of the �nal Softmax function (r denotes the dimension size of the

Algorithm 1 GRAM Optimization
Randomly initialize basic embedding matrix E, attention param-
eters ua ,Wa , ba , RNN parameter �r , softmax parametersW, b.

repeat
Update E with GloVe objective function (see Section 2.4)

until convergence
repeat
X random patient from dataset
for visit Vt in X do
for code ci in Vt do

Refer G to �nd ci ’s ancestors C 0
for code c j in C 0 do
Calculate attention weight �i j using Eq. (2).

end for
Obtain �nal representation gi using Eq. (1).

end for
vt  tanh(Õi :ci 2Vt gi )
Make predictionbyt using Eq. (4)

end for
Calculate prediction loss L using Eq .(5)
Update parameters according to the gradient of L

until convergence

hidden layer). Note that we use Softmax instead of dimension-
wise sigmoid for predicting multiple disease codes in the next visit
Vt+1 because it showed better performance. Here we use “RNN” to
denote any recurrent neural network variants that can cope with
the vanishing gradient problem [3], such as LSTM [18], GRU [8],
and IRNN [21]. The prediction loss for all time steps is calculated
using the binary cross entropy as follows,

L(x1, x2 . . . , xT ) = �
1

T � 1

T�1’
t=1

⇣
yt> log(byt )+ (1�yt )> log(1�byt )⌘ (5)

where we sum the cross entropy errors from all timestamps ofbyt ,T
denotes the number of timestamps of the visit sequence. Note that
the above loss is de�ned for a single patient. In actual implemen-
tation, we will take the average of the individual loss for multiple
patients. Algorithm 1 describes the overall GRAM training proce-
dure assuming that we are performing the sequential diagnoses
prediction task using an RNN. Note that Algorithm 1 describes
stochastic gradient update to avoid clutter, but it can be easily ex-
tended to other gradient based optimization such as mini-batch
gradient update.

2.4 Initializing Basic Embeddings
The attention generation mechanism in Section 2.2 requires basic
embeddings ei of each node in the knowledge DAG. The basic
embeddings of ancestors, however, are not usually observed in the
data. To properly initialize them, we use co-occurrence information
to learn the basic embeddings of medical codes and their ancestors.
Co-occurrence has proven to be an important source of information
when learning representations of words or medical concepts [11,
13, 27]. To train the basic embeddings, we employ GloVe [31],
which uses the global co-occurrence matrix of words to learn their
representations. In our case, the co-occurrence matrix of the codes
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whereWa 2 Rl⇥2m is the weight matrix for the concatenation of
ei and ej , b 2 Rl the bias vector, and ua 2 Rl the weight vector for
generating the scalar value. The constant l represents the dimen-
sion size of the hidden layer of f (·, ·). We concatenate ei and ej in
the child-ancestor order. Note that the compatibility function f is
an MLP, because MLP is well known to be a su�cient approximator
for an arbitrary function, and we empirically found that our formu-
lation performed better in our use cases than alternatives such as
inner product and Bahdanau et al.’s [2].
Remarks: The example in Figure 1 is derived based on a single
path from ci to ca . However, the same mechanism can be applicable
to multiple paths as well. For example, code ck has two paths to
the root ca , containing �ve ancestors in total. Another scenario
is where the EHR data contain both leaf codes and some ancestor
codes. We can move those ancestors present in EHR data from the
set C0 to C and apply the same process as Eq. (1) to obtain the �nal
representations for them.

2.3 End-to-End Training with a Predictive
Model

We train the attention mechanism together with a predictive model
such that the attention mechanism improves the predictive perfor-
mance. By concatenating �nal representation g1, g2, . . . , g |C | of all
medical codes, we have the embedding matrix G 2 Rm⇥ |C | where
gi is the i-th column of G. As shown in the right side of Figure 1,
we can convert a visitVt to a visit representation vt by multiplying
the embedding matrix G with a multi-hot (i.e. multi-label binary)
vector xt indicating the clinical events in the visit Vt , followed by
a nonlinear activation via tanh. Finally the visit representation vt
will be used as an input to the neural network model for predicting
the target label yt . In this work, we use RNN as the choice of the
NN model to perform sequential diagnoses prediction [9, 10]. That
is, we are interested in predicting the disease codes of the next visit
Vt+1 given the visit records up to the current timestepV1,V2, . . . ,Vt ,
which can be expressed as follows,

v1, v2, . . . , vt = tanh(G[x1, x2, . . . , xt ]),
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where xt 2 R |C | denotes the multi-hot vector for the t-th visit;
vt 2 Rm the t-th visit representation; ht 2 Rr the RNN’s hidden
layer at the t-th time step (i.e. t-th visit); �r RNN’s parameters;
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Algorithm 1 GRAM Optimization
Randomly initialize basic embedding matrix E, attention param-
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hidden layer). Note that we use Softmax instead of dimension-
wise sigmoid for predicting multiple disease codes in the next visit
Vt+1 because it showed better performance. Here we use “RNN” to
denote any recurrent neural network variants that can cope with
the vanishing gradient problem [3], such as LSTM [18], GRU [8],
and IRNN [21]. The prediction loss for all time steps is calculated
using the binary cross entropy as follows,
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yt> log(byt )+ (1�yt )> log(1�byt )⌘ (5)

where we sum the cross entropy errors from all timestamps ofbyt ,T
denotes the number of timestamps of the visit sequence. Note that
the above loss is de�ned for a single patient. In actual implemen-
tation, we will take the average of the individual loss for multiple
patients. Algorithm 1 describes the overall GRAM training proce-
dure assuming that we are performing the sequential diagnoses
prediction task using an RNN. Note that Algorithm 1 describes
stochastic gradient update to avoid clutter, but it can be easily ex-
tended to other gradient based optimization such as mini-batch
gradient update.

2.4 Initializing Basic Embeddings
The attention generation mechanism in Section 2.2 requires basic
embeddings ei of each node in the knowledge DAG. The basic
embeddings of ancestors, however, are not usually observed in the
data. To properly initialize them, we use co-occurrence information
to learn the basic embeddings of medical codes and their ancestors.
Co-occurrence has proven to be an important source of information
when learning representations of words or medical concepts [11,
13, 27]. To train the basic embeddings, we employ GloVe [31],
which uses the global co-occurrence matrix of words to learn their
representations. In our case, the co-occurrence matrix of the codes
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Figure 2: Unfolded view of RETAIN’s architecture: Given input sequence x1, . . . ,xi, we predict the
label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
using RNN�, Step 4: Generating the context vector using attention and representation vectors, and
Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

where gi 2 Rp is the hidden layer of RNN↵ at time step i, hi 2 Rq the hidden layer of RNN�

at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.

As noted, RETAIN generates the attention vectors by running the RNNs backward in time; i.e., RNN↵

and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. Running the RNN
in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
iX

j=1

↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
where W 2 Rs⇥m and b 2 Rs are parameters to learn. We use the cross-entropy to calculate the
classification loss as follows,

L(x1, . . . ,xT ) = � 1

N

NX

n=1

1

T (n)

T (n)X

i=1

⇣
y>
i log(byi) + (1� yi)

> log(1� byi)
⌘

(1)

where we sum the cross entropy errors from all dimensions of byi. In case of real-valued output
yi 2 Rs, we can change the cross-entropy in Eq. (1) to, for example, mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
and uses RNN to generate two sets of attention weights, recovering the sequential information as
well as mimicking the behavior of physicians. Note that we did not use the timestamp of each visit
in our formulation. Using timestamps, however, provides a small improvement in the prediction
performance. We propose a method to use timestamps in Appendix A.

1For example, feeding visit embeddings in the original order to RNN↵ and RNN� will generate the same e1
and �1 for every time step i = 1, 2, . . . , T . Moreover, in many cases, a patient’s recent visit records deserve
more attention than the old records. Then we need to have ej+1 > ej which makes the process computationally
unstable for long sequences.

4

		,# 	,) 		,*

		&# 		&) 		&*

		"# ") 		"*

		$# 		$) 		$*

		+# 	+) 		+*

		'# 		') 		'*

Σ
	.* 	/* 5

⨀ ⨀ ⨀

1

23

4

011& 0112

Time

Figure 2: Unfolded view of RETAIN’s architecture: Given input sequence x1, . . . ,xi, we predict the
label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
using RNN�, Step 4: Generating the context vector using attention and representation vectors, and
Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

where gi 2 Rp is the hidden layer of RNN↵ at time step i, hi 2 Rq the hidden layer of RNN�

at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.

As noted, RETAIN generates the attention vectors by running the RNNs backward in time; i.e., RNN↵

and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. Running the RNN
in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
iX

j=1

↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
where W 2 Rs⇥m and b 2 Rs are parameters to learn. We use the cross-entropy to calculate the
classification loss as follows,

L(x1, . . . ,xT ) = � 1

N

NX

n=1

1

T (n)

T (n)X

i=1

⇣
y>
i log(byi) + (1� yi)

> log(1� byi)
⌘

(1)

where we sum the cross entropy errors from all dimensions of byi. In case of real-valued output
yi 2 Rs, we can change the cross-entropy in Eq. (1) to, for example, mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
and uses RNN to generate two sets of attention weights, recovering the sequential information as
well as mimicking the behavior of physicians. Note that we did not use the timestamp of each visit
in our formulation. Using timestamps, however, provides a small improvement in the prediction
performance. We propose a method to use timestamps in Appendix A.

1For example, feeding visit embeddings in the original order to RNN↵ and RNN� will generate the same e1
and �1 for every time step i = 1, 2, . . . , T . Moreover, in many cases, a patient’s recent visit records deserve
more attention than the old records. Then we need to have ej+1 > ej which makes the process computationally
unstable for long sequences.
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Figure 2: Unfolded view of RETAIN’s architecture: Given input sequence x1, . . . ,xi, we predict the
label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
using RNN�, Step 4: Generating the context vector using attention and representation vectors, and
Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

where gi 2 Rp is the hidden layer of RNN↵ at time step i, hi 2 Rq the hidden layer of RNN�

at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.

As noted, RETAIN generates the attention vectors by running the RNNs backward in time; i.e., RNN↵

and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. Running the RNN
in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
iX

j=1

↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
where W 2 Rs⇥m and b 2 Rs are parameters to learn. We use the cross-entropy to calculate the
classification loss as follows,

L(x1, . . . ,xT ) = � 1
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NX

n=1
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T (n)

T (n)X

i=1

⇣
y>
i log(byi) + (1� yi)

> log(1� byi)
⌘

(1)

where we sum the cross entropy errors from all dimensions of byi. In case of real-valued output
yi 2 Rs, we can change the cross-entropy in Eq. (1) to, for example, mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
and uses RNN to generate two sets of attention weights, recovering the sequential information as
well as mimicking the behavior of physicians. Note that we did not use the timestamp of each visit
in our formulation. Using timestamps, however, provides a small improvement in the prediction
performance. We propose a method to use timestamps in Appendix A.

1For example, feeding visit embeddings in the original order to RNN↵ and RNN� will generate the same e1
and �1 for every time step i = 1, 2, . . . , T . Moreover, in many cases, a patient’s recent visit records deserve
more attention than the old records. Then we need to have ej+1 > ej which makes the process computationally
unstable for long sequences.
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Figure 2: Unfolded view of RETAIN’s architecture: Given input sequence x1, . . . ,xi, we predict the
label yi. Step 1: Embedding, Step 2: generating ↵ values using RNN↵, Step 3: generating � values
using RNN�, Step 4: Generating the context vector using attention and representation vectors, and
Step 5: Making prediction. Note that in Steps 2 and 3 we use RNN in the reversed time.

where gi 2 Rp is the hidden layer of RNN↵ at time step i, hi 2 Rq the hidden layer of RNN�

at time step i and w↵ 2 Rp, b↵ 2 R,W� 2 Rm⇥q and b� 2 Rm are the parameters to learn.
The hyperparameters p and q determine the hidden layer size of RNN↵ and RNN�, respectively.
Note that for prediction at each timestamp, we generate a new set of attention vectors ↵ and �. For
simplicity of notation, we do not include the index for predicting at different time steps. In Step 2,
we can use Sparsemax [28] instead of Softmax for sparser attention weights.

As noted, RETAIN generates the attention vectors by running the RNNs backward in time; i.e., RNN↵

and RNN� both take the visit embeddings in a reverse order vi,vi�1, . . . ,v1. Running the RNN
in reversed time order also offers computational advantages since the reverse time order allows us
to generate e’s and �’s that dynamically change their values when making predictions at different
time steps i = 1, 2, . . . , T . This ensures that the attention vectors are modified at each time step,
increasing the computational stability of the attention generation process.1

Using the generated attentions, we obtain the context vector ci for a patient up to the i-th visit as
follows,

ci =
iX

j=1

↵j�j � vj , (Step 4)

where � denotes element-wise multiplication. We use the context vector ci 2 Rm to predict the true
label yi 2 {0, 1}s as follows,

byi = Softmax(Wci + b), (Step 5)
where W 2 Rs⇥m and b 2 Rs are parameters to learn. We use the cross-entropy to calculate the
classification loss as follows,

L(x1, . . . ,xT ) = � 1
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NX

n=1

1

T (n)

T (n)X

i=1

⇣
y>
i log(byi) + (1� yi)

> log(1� byi)
⌘

(1)

where we sum the cross entropy errors from all dimensions of byi. In case of real-valued output
yi 2 Rs, we can change the cross-entropy in Eq. (1) to, for example, mean squared error.

Overall, our attention mechanism can be viewed as the inverted architecture of the standard attention
mechanism for NLP [2] where the words are encoded by RNN and the attention weights are generated
by MLP. In contrast, our method uses MLP to embed the visit information to preserve interpretability
and uses RNN to generate two sets of attention weights, recovering the sequential information as
well as mimicking the behavior of physicians. Note that we did not use the timestamp of each visit
in our formulation. Using timestamps, however, provides a small improvement in the prediction
performance. We propose a method to use timestamps in Appendix A.

1For example, feeding visit embeddings in the original order to RNN↵ and RNN� will generate the same e1
and �1 for every time step i = 1, 2, . . . , T . Moreover, in many cases, a patient’s recent visit records deserve
more attention than the old records. Then we need to have ej+1 > ej which makes the process computationally
unstable for long sequences.
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GRAM	provide	accurate	prediction
GRAM	shows	better	predictive	performance	under	data	constraints
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GRAM	learns	representations	well	aligned	with	
knowledge	ontology

Under review as a conference paper at ICLR 2017

Fracture of lower limb

Other fractures (ribs, pelvis)

Fracture of humerus,
Fracture of radius & ulna

Other fracture of upper limb

Complication of device; implant or graft

Complications of surgical 
procedures or medical care

Other unspecified benign neoplasm

Retinal detachments; defects; 
vascular occlusion; retinopathy

Other hereditary, degenerative 
nervous system conditions

Osteoarthritis

Pneumonia

Hypertension with 
complications and 
secondary 
hypertension

Other complications 
of pregnancy

Genitourinary symptoms 
and ill-defined 
conditions

Other female 
genital disorders

Other circulatory disease

Deficiency and other anemia
Peri-; endo-; myocarditis; 
cardiomyopathy

Other viral infections

Otitis media  
and related conditions

Other upper 
respiratory infections

Gastroduodenal ulcer

(a) Scatterplot of the final representations gi’s of GRAM+

(b) Scatterplot of the trained embedding matrix
Wemb of RNN+

(c) Scatterplot of the disease representations
trained by GloVe

Figure 3: t-SNE scatterplots of medical concepts trained by GRAM+, RNN+ and GloVe

plots on the strongest results from RNN+ (Figure 3b), and GloVe (Figure 3c), the same embedding
technique in initializing the basic embeddings ei. Figures 3b and 3c confirm that interpretable
representations cannot simply be learned only by co-occurrence or supervised prediction without
medical knowledge. GRAM+ learns disease representations that are significantly more consistent with
the given knowledge DAG G. Therefore the neural network predictive model that accepts gi is using
accurate representations that lead to higher predictive performance. Additional scatterplots of other
models are provided in Appendix E for comparison. An interactive visualization tool can be accessed
at http://www.sunlab.org/research/gram-graph-based-attention-model/.

3.4 ANALYSIS OF THE ATTENTION BEHAVIOR

Next we show that GRAM’s attention can be interpreted to understand how it considers data avail-
ability and knowledge DAG’s structure when performing a prediction task. Using Eq. (1), we can
calculate the attention weights of individual disease. Figure 4 shows the attention behaviors of four
representative diseases when performing HF prediction on Sutter HF cohort.

Other pneumothorax (ICD9 512.89) in Figure 4a is rarely observed in the data and has only five
siblings. In this case, most information is derived from the highest ancestor. Temporomandibular
joint disorders & articular disc disorder (ICD9 524.63) in Figure 4b is rarely observed but has 139
siblings. In this case, its parent receives a stronger attention because it aggregates sufficient samples
from all of its children to learn a more accurate representation. Note that the disease itself also
receives a stronger attention to facilitate easier distinction from its large number of siblings.

Unspecified essential hypertension (ICD9 401.9) in Figure 4c is very frequently observed but has only
two siblings. In this case, GRAM assigns a very strong attention to the leaf, which is logical because the
more you observe a disease, the stronger your confidence becomes. Need for prophylactic vaccination
and inoculation against influenza (ICD9 V04.81) in Figure 4d is quite frequently observed and also

7

Scatterplot	of	GRAM	representations
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GRAM:	Summary

• Robust	representation	against	data	insufficiency
• Interpretable:	Well	aligned	with	medical	knowledge

Medical	
ontology	

Electronic	
health	recordsGRAM

Choi,	Edward,	et	al."GRAM:	Graph-based	Attention	Model	for	Healthcare	Representation	Learning."	Proceedings	of	KDD,	
2017. Sun,	Xiao,	Choi,	dl4health.org



T-LSTM:Patient Subtyping	via	Time-Aware	
LSTM	Networks

Inci M.	Baytas,		Cao	Xiao,	Xi	Zhang,	Fei	Wang,		Anil	K.	Jain,	Jiayu Zhou

KDD’	17

Sun,	Xiao,	Choi,	dl4health.org



T-LSTM:	Background

Visit 1 Visit 2 Visit 3 Visit 4 Visit 5 Visit 6
Diagnoses 
ICD-9:
• 42789
• 42822
• 4263
• 41401
• V861
• 4280
• 2449
• 3659

Diagnoses 
ICD-9:
• 3962
• 4260
• 2875
• 41401
• 4019

Diagnoses 
ICD-9:
• 99831
• 41511
• 99672
• 496
• V4581
• 4019
• V1051

Diagnoses 
ICD-9:
• 41401
• 4111
• 496
• 4019
• 53081
• V1051

Diagnoses 
ICD-9:
• V4511
• V1251
• V5861
• V4589
• 2875

Diagnoses 
ICD-9:
• 2766
• 5856
• 40301
• 4254
• 28529
• 7100
• 78909

• Patient	subtyping	seeks	patient	
groups	with	similar	disease	
progression	pathways	based	on	
longitudinal	EHR.

• Elapsed	time	has	a	significance	in	
clinical	decision	making.

• It	is	crucial	to	capture	the	
relationships	and	the	dependencies	
between	clinical	events	under	time	
interval	irregularities.

irregular	time	interval	

Sun,	Xiao,	Choi,	dl4health.org



T-LSTM:	Limitation	of	LSTM

• The	Long-Short	Term	Memory	
(LSTM)	is	an	appealing	model	
for	capturing	long-range	
dependency	in	EHR	data.

• However,	LSTM	assumes	the	
elapsed	time	is	uniform	
throughout	the	sequence.	

Sun,	Xiao,	Choi,	dl4health.org



The	Time-Aware	LSTM	(T-LSTM)	Unit

Input	
Records

Elapsed	
Time

Subspace	Decomposition

Standard	LSTM
Sun,	Xiao,	Choi,	dl4health.org



Time-Aware	LSTM	(T-LSTM)

Input	
Records

Elapsed	
Time

T-LSTM	decomposes	the	previous	memory	into	long	and	short	term	components	
and	utilizes	the	elapsed	time	(∆t	)	to	discount	the	short	term	effects.

Sun,	Xiao,	Choi,	dl4health.org



T-LSTM	Autoencoder
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Time-Aware	LSTM:	Supervised	Task

• Binary	Classification	of	diabetes	mellitus
• Clinical	codes	from	6730	patients
• Data	are	EMRbot
• http://www.emrbots.org/

Sun,	Xiao,	Choi,	dl4health.org



Time-Aware	LSTM:	Parkinson’s	Disease	
Patient	Subtyping

Parkinson's	Progression	Markers	Initiative	(PPMI)	data,	654	patients
Elapsed	time	interval:	[1,26]	months
Average	sequence	length:	25
Input	feature	dimension:	319
Target	dimension:	82

Sun,	Xiao,	Choi,	dl4health.org



Time-Aware	LSTM:	Parkinson’s	Disease	
Patient	Subtyping

Sun,	Xiao,	Choi,	dl4health.org



Time-Aware	LSTM:	Parkinson’s	Disease	
Patient	Subtyping

Sun,	Xiao,	Choi,	dl4health.org



Drug	Similarity	Integration	
Through	Attentive	Multi-view	

Graph	Auto-Encoders

Tengfei	Ma,	Cao	(Danica)	Xiao,	Jiayu	Zhou,	Fei	Wang

IJCAI’	18

Sun,	Xiao,	Choi,	dl4health.org



Drug-Drug	Interaction	(DDI)

Facts	of	DDIs

• Common	among	patients	with	complex	
diseases	or	comorbidities.

• Hard	to	observe	in	clinical	testing.
• Affects	15%	U.S.	population.	Cost	more	
than	$177	billion	per	year	in	disease	
management.

Decrease	
actions	of	
drugs

Increase	
actions	of	
drugs

Cause	
adverse	
effects

Combined	Use	of	Drugs

Sun,	Xiao,	Choi,	dl4health.org



DDI	Prediction	based	on	Multiview	Data

• Drug	Features	(database)
• Label	Side	Effect	(SIDER)
• Off-Label	Side	Effect	(OFFSIDES)
• Molecular	substructure
• Drug	Indication	(MedDRA)
• ……

• Assumption:	similar	drugs	may	interact	with	the	same	drug.	
• Approach:	We	consider	each	type	of	feature	as	a	view	that	has	partial	
correlation	with	drug	similarity,	so	we	aim	at	integrating	similarity	metrics	across	
multiple	views for	more	accurate	similarity	learning.

Sun,	Xiao,	Choi,	dl4health.org



State-of-the-art	and	Challenges

• State-of-the-art
• Nearest	neighbor	methods	(Zhang	et	al,	2015,	Zhang	et	al,	2017	)
• Random	walk	based	methods	(Wang	et	al,	2010)
• Unsupervised	iterative	methods	(Angione	et	al,	2014,	Xu	et	al,	2016)
• Multiple	kernel	learning	(Zhuang	et	al,	2011,	McFee	et	al,	2011)

• Challenges	
• the	underlying	relations	of	biomedical	events	are	often	nonlinear and	
complex over	all	types	of	features
• features	have	different	importance	toward	different	target	outcomes

Sun,	Xiao,	Choi,	dl4health.org



Model	Overview

• Construct	drug	similarity	graph,	
where	DDIs	are	node	labels

• Graph	convolutional	network	
(GCN)	based	model	for	node	
embedding	and	prediction

• Attention	mechanism	to	integrate	
similarities	from	different	views

drug	A

drug	B

Sun,	Xiao,	Choi,	dl4health.org



Recall:	GCN	(Kipf	and	Welling,	2016)

• Objective:	graph	node	embedding	for	arbitrary	graphs,	distance	as	(dis-)similarity	
of	local	graph	structures

• Input
• Node	features	$
• Adjacency	matrix	ë that	represents	graph	structure

• Output:	Node	embedding	j

• Method	

í(ìd") = \(îï
I
"
#ëïîï

I
"
#í(ì)Y(ì))

where	ëï = ë + ñó,	î is	a	diagonal	matrix	such	that	ò== = ∑ ôö=õ
�
õ ,	Y(ì) is	layer-

specific	parameter	matrix,	í(ì) is	node	representation	of	úth layer.	

Sun,	Xiao,	Choi,	dl4health.org



Multi-View	GCN	

Embedding

For	view	á ∈{1,…,T},	we	encode	the	nodes	as	

where ëµâ = îï
(â)I

∂

∑ëï(â)îï
(∏)I

∂

∑,	and	YA
â and	

Y"
â are	weight	matrices.

j(â) = \ Ç â , ë â ;Y"
â

= -,\èhπ9(ëµâßH+®(ëµâÇ â YA
â
)Y"

â
)
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GCN GCN
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Attentive	Multiview	Similarity	Fusion	with	
Graph	Auto-Encoders	(GAE)	

¶" = {ª, ô(")} ¶# = {ª, ô(#)}

¶ = {ª, ô}

¿

ª

GCN	encoder

Ω
GCN	decoder

ô =?|¡π< <â ∗ ôâ
�

â

When	we	do	not	have	labels,	we	
reconstruct	U from	j to	minimize	
autoencoder loss,	L√å = ∑ Ç − Çƒ #.

<ƒâ = æâôâ + ≈â
Normalize

<â

attention	weights	decided	
by	data	and	targetSun,	Xiao,	Choi,	dl4health.org



Semi-Supervised	Extensions	(SemiGAE)	

SemiGAE	(for	partial	labels)

Objective:	min + = +^ê∆=: + +√å

Training	loss	for	labeled	data
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Auto-encoder	loss	for	all	data
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Transductive	Extensions (TransGAE)	

TransGAE	(for	lack	of	node	features)

For	the	case	when	we	do	not	have	node	feature

min + = Ωƒ^ê∆=: − Ω̂ ê∆=:
# + Ωƒ^√–^ − Ω̂ √–^

# + — Ω̂ √–^
#

where	we	also	treat	DDI	label	as	input	variable

Ωƒ^ê∆=:, Ω
ƒ
^√–^ = 	\′(\ Ω̂ ê∆=:, Ω̂ √–^ , ô“ , ô“)
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GCN	encoder

GCN	decoder
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Experiments
Baselines

• Nearest	neighbor	[Vilar et	al.	2012]
• Label	Propagation	[Zhang	et	al.	2015]
• Multiple	Kernel	Learning	[Strazar and	Curk 2016]

• Basic	Multi-view	GraphCNN

Evaluation

• Same	strategy	as	[Zhang	et	al.	2015]

• Selecting	a	fixed	percentage	of	drugs	randomly	and	all	
DDIs	associated	with	these	drugs	are	used	for	testing	

• For	the	remaining	training	data,	90%/10%	split	for	
training/validation

• Evaluation	metrics:	ROC-AUC,	PR-AUC

Data (Binary) Dimension

drugs (pairs) 645	(63473)

DDI 1318

label	ADR 4192

off-label	ADR 10093

Substructure 645	x	1024

Data (Multi) Dimension

drugs (pairs) 222	(63473)

DDI 1301

indication 1702

CPI 611

TTD 207

Substructure 645	x	582
Sun,	Xiao,	Choi,	dl4health.org



Results
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Analysis	of	Interpretability	

Attention	Weights

DDI	Type AUC Chem. indi. TTDS CPI

Chest Pain 0.772 0.151 0.303 0.144 0.402

Insomnia 0.755 0.380 0.261 0.078 0.291

indication 0.774 0.117 0.301 0.283 0.299

Many	DDI	cases	of	chest	pain	are	due	to	particular	drug	overdose	
[Nachimuthu et	al.,	2012].	For	example,	the	co-use	of		many	
medications	that	treat	depression	can		cause	overdose	and	prolong	
the	QT	interval	via	CPI,	and	eventually	cause	chest	pain.	

Views	“indication”	and	
“CPI”	receive	high	weights	
for	the	ADR	“Chest	pain”.

Results

Clinical	
Evidence

Sun,	Xiao,	Choi,	dl4health.org



Data	Augmentation

•MedGAN (generate	EHR	statistics)
• Real-valued	(medical)	Time	Series	Generation	with	
Recurrent	Conditional	GANs	(NIPS	ML4H	17)
• Recent	Trend	in	Molecular	Graph	Generation	for	Drug	
Discovery

Sun,	Xiao,	Choi,	dl4health.org



Generating	Multi-label	Discrete	Electronic	Health	Records	
using	Generative	Adversarial	Networks

MLHC	2017

Edward	Choi,	Siddharth	Biswal,	Bradley	Malin,	Jon	Duke,	Walter	F.	Stewart,	Jimeng	Sun

Sun,	Xiao,	Choi,	dl4health.org



medGAN:	Background

• Generating	Multi-label	Discrete	Electronic	Health	Records	using	Generative	
Adversarial	Networks
• Choi,	Edward,	Siddharth	Biswal,	Bradley	Malin,	Jon	Duke,	Walter	F.	Stewart,	and	Jimeng	Sun,	
MLHC	2017

• Generate	synthetic	patient	records	that	are
• Similar	(statistically)	to	the	real	records

• Does	now	divulge	individual	patient	information

Sun,	Xiao,	Choi,	dl4health.org



medGAN:	Generative	Adversarial	Networks

https://sthalles.github.io/intro-to-gans/
Sun,	Xiao,	Choi,	dl4health.org



medGAN:	Patient	Record
• Real	patient	dataset

• Patients’	records	are	aggregated	over	time
• Discrete	values	(count,	binary)

3 0 2 1 0 0 0 …

0 1 0 5 0 4 0 …

1 0 2 2 0 0 6 …

Hypertension
Heart	failure

Diabetes

Patient	1

Patient	2

Patient	3

Kidney	failure

Sun,	Xiao,	Choi,	dl4health.org



medGAN Architecture
Figure 1: Architecture of medGAN: The dis-
crete x comes from the source EHR data, z
is the random prior for the generator G; G is
a feedforward network with shortcut connec-
tions (righthand side figure); An autoencoder
(i.e, the encoder Enc and decoder Dec) is
learned from x; The same decoder Dec is
used after the generator G to construct the
discrete output. The discriminator D tries
to differentiate real input x and discrete syn-
thetic output Dec(G(z)).

z

G(z)

Dec(G(z))

D

Enc(x)

Dec(Enc(x))

Real or Fake?

x

where pdata is the distribution of the real samples and pz is the distribution of the random prior, for which
N (0, 1) is generally used. Both G and D iterate in optimizing the respective parameters ✓g and ✓d as follows,

✓d  ✓d + ↵r✓d

1
m

mX

i=1

logD(xi) + log(1�D(G(zi)))

✓g  ✓g � ↵r✓g
1
m

mX

i=1

log(1�D(G(zi)))

where m is the size of the minibatch and ↵ the step size. In practice, however, G can be trained to maximize
log(D(G(z)) instead of minimizing log(1�D(G(z)) to provide stronger gradients in the early stage of the
training (Goodfellow et al., 2014) as follows,

✓g  ✓g + ↵r✓g
1
m

mX

i=1

logD(G(zi)) (1)

Henceforth, we use Eq.(1) as it showed significantly more stable performance in our investigation. We also
assume throughout the paper that both D and G are implemented with feedforward neural networks.

3.3 medGAN
Since the generator G is trained by the error signal from the discriminator D via backpropagation, the original
GAN can only learn to approximate discrete patient records x 2 Z|C|

+ with continuous values. We alleviate
this limitation by leveraging the autoencoder. Autoencoders are trained to project given samples to a lower
dimensional space, then project them back to the original space. Such a mechanism leads the autoencoder
to learn salient features of the samples and has been successfully used in certain applications, such as image
processing (Goodfellow et al., 2016; Vincent et al., 2008).

In this work, We apply the autoencoder to learn the salient features of discrete variables that can be applied
to decode the continuous output of G. This allows the gradient flow from D to the decoder Dec to enable
the end-to-end fine-tuning. As depicted by Figure 1, an autoencoder consists of an encoder Enc(x; ✓enc)

that compresses the input x 2 Z|C|
+ to Enc(x) 2 Rh, and a decoder Dec(Enc(x); ✓dec) that decompresses

Enc(x) to Dec(Enc(x)) as the reconstruction of the original input x. The objective of the autoencoder is to
minimize the reconstruction error:

1
m

mX

i=0

||xi � x0
i||22 (2)

1
m

mX

i=0

xi logx
0
i + (1� xi) log(1� x0

i) (3)

where x0
i = Dec(Enc(xi))

where m is the size of the mini-batch. We use the mean squared loss (Eq.(2)) for count variables and cross
entropy loss (Eq.(3)) for binary variables. For count variables, we use rectified linear units (ReLU) as the

4

Figure 1: Architecture of medGAN: The dis-
crete x comes from the source EHR data, z
is the random prior for the generator G; G is
a feedforward network with shortcut connec-
tions (righthand side figure); An autoencoder
(i.e, the encoder Enc and decoder Dec) is
learned from x; The same decoder Dec is
used after the generator G to construct the
discrete output. The discriminator D tries
to differentiate real input x and discrete syn-
thetic output Dec(G(z)).

z

G(z)

Dec(G(z))

D

Enc(x)

Dec(Enc(x))

Real or Fake?

x

where pdata is the distribution of the real samples and pz is the distribution of the random prior, for which
N (0, 1) is generally used. Both G and D iterate in optimizing the respective parameters ✓g and ✓d as follows,
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where m is the size of the minibatch and ↵ the step size. In practice, however, G can be trained to maximize
log(D(G(z)) instead of minimizing log(1�D(G(z)) to provide stronger gradients in the early stage of the
training (Goodfellow et al., 2014) as follows,

✓g  ✓g + ↵r✓g
1
m

mX

i=1

logD(G(zi)) (1)

Henceforth, we use Eq.(1) as it showed significantly more stable performance in our investigation. We also
assume throughout the paper that both D and G are implemented with feedforward neural networks.

3.3 medGAN
Since the generator G is trained by the error signal from the discriminator D via backpropagation, the original
GAN can only learn to approximate discrete patient records x 2 Z|C|

+ with continuous values. We alleviate
this limitation by leveraging the autoencoder. Autoencoders are trained to project given samples to a lower
dimensional space, then project them back to the original space. Such a mechanism leads the autoencoder
to learn salient features of the samples and has been successfully used in certain applications, such as image
processing (Goodfellow et al., 2016; Vincent et al., 2008).

In this work, We apply the autoencoder to learn the salient features of discrete variables that can be applied
to decode the continuous output of G. This allows the gradient flow from D to the decoder Dec to enable
the end-to-end fine-tuning. As depicted by Figure 1, an autoencoder consists of an encoder Enc(x; ✓enc)

that compresses the input x 2 Z|C|
+ to Enc(x) 2 Rh, and a decoder Dec(Enc(x); ✓dec) that decompresses

Enc(x) to Dec(Enc(x)) as the reconstruction of the original input x. The objective of the autoencoder is to
minimize the reconstruction error:

1
m

mX

i=0

||xi � x0
i||22 (2)

1
m

mX

i=0

xi logx
0
i + (1� xi) log(1� x0

i) (3)

where x0
i = Dec(Enc(xi))

where m is the size of the mini-batch. We use the mean squared loss (Eq.(2)) for count variables and cross
entropy loss (Eq.(3)) for binary variables. For count variables, we use rectified linear units (ReLU) as the
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Pre-train	Autoencoder (ex:	binary	variable)
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medGAN Architecture
Figure 1: Architecture of medGAN: The dis-
crete x comes from the source EHR data, z
is the random prior for the generator G; G is
a feedforward network with shortcut connec-
tions (righthand side figure); An autoencoder
(i.e, the encoder Enc and decoder Dec) is
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where pdata is the distribution of the real samples and pz is the distribution of the random prior, for which
N (0, 1) is generally used. Both G and D iterate in optimizing the respective parameters ✓g and ✓d as follows,
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where m is the size of the minibatch and ↵ the step size. In practice, however, G can be trained to maximize
log(D(G(z)) instead of minimizing log(1�D(G(z)) to provide stronger gradients in the early stage of the
training (Goodfellow et al., 2014) as follows,
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1
m

mX

i=1

logD(G(zi)) (1)

Henceforth, we use Eq.(1) as it showed significantly more stable performance in our investigation. We also
assume throughout the paper that both D and G are implemented with feedforward neural networks.

3.3 medGAN
Since the generator G is trained by the error signal from the discriminator D via backpropagation, the original
GAN can only learn to approximate discrete patient records x 2 Z|C|

+ with continuous values. We alleviate
this limitation by leveraging the autoencoder. Autoencoders are trained to project given samples to a lower
dimensional space, then project them back to the original space. Such a mechanism leads the autoencoder
to learn salient features of the samples and has been successfully used in certain applications, such as image
processing (Goodfellow et al., 2016; Vincent et al., 2008).

In this work, We apply the autoencoder to learn the salient features of discrete variables that can be applied
to decode the continuous output of G. This allows the gradient flow from D to the decoder Dec to enable
the end-to-end fine-tuning. As depicted by Figure 1, an autoencoder consists of an encoder Enc(x; ✓enc)

that compresses the input x 2 Z|C|
+ to Enc(x) 2 Rh, and a decoder Dec(Enc(x); ✓dec) that decompresses

Enc(x) to Dec(Enc(x)) as the reconstruction of the original input x. The objective of the autoencoder is to
minimize the reconstruction error:
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||xi � x0
i||22 (2)

1
m

mX

i=0

xi logx
0
i + (1� xi) log(1� x0

i) (3)

where x0
i = Dec(Enc(xi))

where m is the size of the mini-batch. We use the mean squared loss (Eq.(2)) for count variables and cross
entropy loss (Eq.(3)) for binary variables. For count variables, we use rectified linear units (ReLU) as the
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Update	Discriminator	parameters

activation function in both Enc and Dec. For binary variables, we use tanh activation for Enc and the sigmoid
activation for Dec.1

With the pre-trained autoencoder, we can allow GAN to generate distributed representation of patient
records (i.e., the output of the encoder Enc), rather than generating patient records directly. Then the pre-
trained decoder Dec can pick up the right signals from G(z) to convert it to the patient record Dec(G(z)).
The discriminator D is trained to determine whether the given input is a synthetic sample Dec(G(z)) or a real
sample x. The architecture of the proposed model medGAN is depicted in Figure 1. medGAN is trained in a
similar fashion as the original GAN as follows,

✓d  ✓d + ↵r✓d

1
m

mX

i=1

logD(xi) + log(1�D(xzi))

✓g,dec  ✓g,dec + ↵r✓g,dec

1
m

mX

i=1

logD(xzi)

where xzi = Dec(G(zi))

It should be note that we can round the values of Dec(G(z)) to their nearest integers to ensure that the
discriminator D is trained on discrete values instead of continuous values. We experimented both with
and without rounding and empirically found that training D in the latter scenario led to better predictive
performance in section 4.2. Therefore, we assume, for the remainder of this paper, that D is trained without
explicit rounding.

We fine-tune the pre-trained parameters of the decoder ✓dec while optimizing for G. Therefore, the
generator G can be viewed as a neural network with an extra hidden layer pre-trained to map continuous
samples to discrete samples. We used ReLU for all of G’s activation functions, except for the output layer,
where we used the tanh function2. For D, we used ReLU for all activation functions except for the output
layer, where we used the sigmoid function for binary classification.

3.4 Minibatch Averaging

Since the objective of the generator G is to produce samples that can fool the discriminator D, G could learn
to map different random priors z to the same synthetic output, rather than producing diverse synthetic outputs.
This problem is denoted as mode collapse, which arises most likely due to the GAN’s optimization strategy
often solving the max-min problem instead of the min-max problem (Goodfellow, 2016). Some methods
have been proposed to cope with mode collapse (e.g., minibatch discrimination and unrolled GANs), but they
require ad hoc fine-tuning of the hyperparameters and scalability is often neglected (Salimans et al., 2016;
Metz et al., 2016).

By contrast, medGAN offers a simple and efficient method to cope with mode collapse when generating
discrete outputs. Our method, minibatch averaging, is motivated by the philosophy behind minibatch
discrimination. It allows the discriminator D to view the minibatch of real samples x1,x2, . . . and the
minibatch of the fake samples G(z1), G(z2), . . ., respectively, while classifying a real sample and a fake
sample. Given a sample to discriminate, minibatch discrimination calculates the distance between the given
sample and every sample in the minibatch in the latent space. Minibatch averaging, by contrast, provides the
average of the minibatch samples to D, modifying the objective as follows:

✓d  ✓d + ↵r✓d

1
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logD(xi, x̄) + log(1�D(xzi , x̄z))
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where x̄ =
1
m

mX

i=1

xi, xzi = Dec(G(zi)), x̄z =
1
m

mX

i=1

xzi

where m denotes the size of the minibatch. Specifically, the average of the minibatch is concatenated on the
sample and provided to the discriminator D.

1. We considered a denoising autoencoder (dAE) (Vincent et al., 2008) as well, but there was no discernable improvement in performance.
2. We also applied tanh activation for the encoder Enc for consistency.
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It should be note that we can round the values of Dec(G(z)) to their nearest integers to ensure that the
discriminator D is trained on discrete values instead of continuous values. We experimented both with
and without rounding and empirically found that training D in the latter scenario led to better predictive
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explicit rounding.

We fine-tune the pre-trained parameters of the decoder ✓dec while optimizing for G. Therefore, the
generator G can be viewed as a neural network with an extra hidden layer pre-trained to map continuous
samples to discrete samples. We used ReLU for all of G’s activation functions, except for the output layer,
where we used the tanh function2. For D, we used ReLU for all activation functions except for the output
layer, where we used the sigmoid function for binary classification.

3.4 Minibatch Averaging

Since the objective of the generator G is to produce samples that can fool the discriminator D, G could learn
to map different random priors z to the same synthetic output, rather than producing diverse synthetic outputs.
This problem is denoted as mode collapse, which arises most likely due to the GAN’s optimization strategy
often solving the max-min problem instead of the min-max problem (Goodfellow, 2016). Some methods
have been proposed to cope with mode collapse (e.g., minibatch discrimination and unrolled GANs), but they
require ad hoc fine-tuning of the hyperparameters and scalability is often neglected (Salimans et al., 2016;
Metz et al., 2016).

By contrast, medGAN offers a simple and efficient method to cope with mode collapse when generating
discrete outputs. Our method, minibatch averaging, is motivated by the philosophy behind minibatch
discrimination. It allows the discriminator D to view the minibatch of real samples x1,x2, . . . and the
minibatch of the fake samples G(z1), G(z2), . . ., respectively, while classifying a real sample and a fake
sample. Given a sample to discriminate, minibatch discrimination calculates the distance between the given
sample and every sample in the minibatch in the latent space. Minibatch averaging, by contrast, provides the
average of the minibatch samples to D, modifying the objective as follows:
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where pdata is the distribution of the real samples and pz is the distribution of the random prior, for which
N (0, 1) is generally used. Both G and D iterate in optimizing the respective parameters ✓g and ✓d as follows,
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where m is the size of the minibatch and ↵ the step size. In practice, however, G can be trained to maximize
log(D(G(z)) instead of minimizing log(1�D(G(z)) to provide stronger gradients in the early stage of the
training (Goodfellow et al., 2014) as follows,
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Henceforth, we use Eq.(1) as it showed significantly more stable performance in our investigation. We also
assume throughout the paper that both D and G are implemented with feedforward neural networks.

3.3 medGAN
Since the generator G is trained by the error signal from the discriminator D via backpropagation, the original
GAN can only learn to approximate discrete patient records x 2 Z|C|

+ with continuous values. We alleviate
this limitation by leveraging the autoencoder. Autoencoders are trained to project given samples to a lower
dimensional space, then project them back to the original space. Such a mechanism leads the autoencoder
to learn salient features of the samples and has been successfully used in certain applications, such as image
processing (Goodfellow et al., 2016; Vincent et al., 2008).

In this work, We apply the autoencoder to learn the salient features of discrete variables that can be applied
to decode the continuous output of G. This allows the gradient flow from D to the decoder Dec to enable
the end-to-end fine-tuning. As depicted by Figure 1, an autoencoder consists of an encoder Enc(x; ✓enc)

that compresses the input x 2 Z|C|
+ to Enc(x) 2 Rh, and a decoder Dec(Enc(x); ✓dec) that decompresses

Enc(x) to Dec(Enc(x)) as the reconstruction of the original input x. The objective of the autoencoder is to
minimize the reconstruction error:
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where x0
i = Dec(Enc(xi))

where m is the size of the mini-batch. We use the mean squared loss (Eq.(2)) for count variables and cross
entropy loss (Eq.(3)) for binary variables. For count variables, we use rectified linear units (ReLU) as the
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Update	Generator	parameters

activation function in both Enc and Dec. For binary variables, we use tanh activation for Enc and the sigmoid
activation for Dec.1

With the pre-trained autoencoder, we can allow GAN to generate distributed representation of patient
records (i.e., the output of the encoder Enc), rather than generating patient records directly. Then the pre-
trained decoder Dec can pick up the right signals from G(z) to convert it to the patient record Dec(G(z)).
The discriminator D is trained to determine whether the given input is a synthetic sample Dec(G(z)) or a real
sample x. The architecture of the proposed model medGAN is depicted in Figure 1. medGAN is trained in a
similar fashion as the original GAN as follows,
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It should be note that we can round the values of Dec(G(z)) to their nearest integers to ensure that the
discriminator D is trained on discrete values instead of continuous values. We experimented both with
and without rounding and empirically found that training D in the latter scenario led to better predictive
performance in section 4.2. Therefore, we assume, for the remainder of this paper, that D is trained without
explicit rounding.

We fine-tune the pre-trained parameters of the decoder ✓dec while optimizing for G. Therefore, the
generator G can be viewed as a neural network with an extra hidden layer pre-trained to map continuous
samples to discrete samples. We used ReLU for all of G’s activation functions, except for the output layer,
where we used the tanh function2. For D, we used ReLU for all activation functions except for the output
layer, where we used the sigmoid function for binary classification.

3.4 Minibatch Averaging

Since the objective of the generator G is to produce samples that can fool the discriminator D, G could learn
to map different random priors z to the same synthetic output, rather than producing diverse synthetic outputs.
This problem is denoted as mode collapse, which arises most likely due to the GAN’s optimization strategy
often solving the max-min problem instead of the min-max problem (Goodfellow, 2016). Some methods
have been proposed to cope with mode collapse (e.g., minibatch discrimination and unrolled GANs), but they
require ad hoc fine-tuning of the hyperparameters and scalability is often neglected (Salimans et al., 2016;
Metz et al., 2016).

By contrast, medGAN offers a simple and efficient method to cope with mode collapse when generating
discrete outputs. Our method, minibatch averaging, is motivated by the philosophy behind minibatch
discrimination. It allows the discriminator D to view the minibatch of real samples x1,x2, . . . and the
minibatch of the fake samples G(z1), G(z2), . . ., respectively, while classifying a real sample and a fake
sample. Given a sample to discriminate, minibatch discrimination calculates the distance between the given
sample and every sample in the minibatch in the latent space. Minibatch averaging, by contrast, provides the
average of the minibatch samples to D, modifying the objective as follows:
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where m denotes the size of the minibatch. Specifically, the average of the minibatch is concatenated on the
sample and provided to the discriminator D.

1. We considered a denoising autoencoder (dAE) (Vincent et al., 2008) as well, but there was no discernable improvement in performance.
2. We also applied tanh activation for the encoder Enc for consistency.
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activation function in both Enc and Dec. For binary variables, we use tanh activation for Enc and the sigmoid
activation for Dec.1
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records (i.e., the output of the encoder Enc), rather than generating patient records directly. Then the pre-
trained decoder Dec can pick up the right signals from G(z) to convert it to the patient record Dec(G(z)).
The discriminator D is trained to determine whether the given input is a synthetic sample Dec(G(z)) or a real
sample x. The architecture of the proposed model medGAN is depicted in Figure 1. medGAN is trained in a
similar fashion as the original GAN as follows,
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require ad hoc fine-tuning of the hyperparameters and scalability is often neglected (Salimans et al., 2016;
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sample and every sample in the minibatch in the latent space. Minibatch averaging, by contrast, provides the
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medGAN:	Data

• Data
• 260K	patients	from	Sutter	Health
• Patient	records	over	10	years
• 615	variables

• Diagnosis/medication/procedure	codes

• Binarized the	count	values
• Either	the	code	occurred,	or	did	not	occur

Sun,	Xiao,	Choi,	dl4health.org



medGAN:	Result
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The results of this assessment is shown in Figure 4. The findings suggest
that medGAN’s synthetic data are generally indistinguishable to a human doctor
except for several outliers. In those cases, the fake records identified by the doctor
either lacked appropriate medication codes, or had both male-related codes (e.g.
prostate cancer) and female-related codes (e.g. menopausal disorders) in the
same record. The former issue also existed in some of the real records due to
missing data, but the latter issue demonstrates a current limitation in medGAN
which could potentially be alleviated by domain specific heuristics. In addition
to medGAN’s impressive performance in statistical aspects, this medical review
lends credibility to the qualitative aspect of medGAN.

4.4 Privacy Risk Evaluation
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Figure 5: a,b: Sensitivity and precision when varying the number of known attributes. The total number
of attributes (i.e. codes) of dataset B is 1,071. c,d: Sensitivity and precision when varying the size of the
synthetic dataset. The maximum size of the synthetic dataset S 2 {0, 1}N⇥|C| is matched to the size of the
training set R 2 {0, 1}N⇥|C|.

We evaluate both presence and attribute disclosure using dataset B with binary variables. Due to the space
constraint, we present the results of the attribute disclosure in the main paper and leave out the results of
presence disclosure in Appendix F.
Experiment setup: We randomly sample 1% of the training set R as the compromised records, which is
approximately 370 records. For each record r, we randomly choose s attributes as those which are known to
the attacker. Next, the attacker performs k-nearest neighbor classifications to estimate the values of unknown
attributes based on the synthetic records. More specifically, based on the known attributes, k-nearest neighbors
in the synthetic dataset S are retrieved for each compromised record. Then, |C|� s unknown attributes are
estimated based on the majority vote of the k nearest neighbors. Finally, for each unknown attribute, we
calculate classification metrics in the form of precision and sensitivity. We repeat this process for all records of
the 1% samples and obtain the mean precision and mean sensitivity. We vary the number of known attributes s
and the number of neighbors k to study the attribute disclosure risk of medGAN. Note that the s attributes are
randomly sampled across patients, so the attacker may know different s attributes for different patients.
Impact of attacker’s knowledge: Figures 5a and 5b depict the sensitivity (i.e., recall) and the precision of
the attribute disclosure test when varying the number of attributes known to the attacker. In this case, x%
sensitivity means the attacker, using the known attributes of the compromised record and the synthetic data, can
correctly estimate x% of the positive unknown attributes (i.e., attribute values are 1). Likewise, x% precision
means the positive unknown attributes estimated by the attacker are on average x% accurate. Both figures
show that an attacker who knows approximately 1% of the target patient’s attributes (8 to 16 attributes) will
estimate the target’s unknown attributes with less than 10% sensitivity and 20% precision.
Impact of synthetic data size: Next, we fixed the number of known attributes to 16 and varied the number
of records in the synthetic dataset S. Figures 5c and 5d show that the size of the synthetic dataset has little
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• Qualitative	evaluation	by	a	medical	expert

Indistinguishable	to	a	human	doctor	except	a	few	outliers!
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medGAN:	Privacy

• Attribute	disclosure	attack
• When	an	attacker	knows	subset	of	patients’	info,	can	they	know	more	by	
looking	at	synthetic	records?
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medGAN:	Privacy
• Attribute	disclosure	attack
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The results of this assessment is shown in Figure 4. The findings suggest
that medGAN’s synthetic data are generally indistinguishable to a human doctor
except for several outliers. In those cases, the fake records identified by the doctor
either lacked appropriate medication codes, or had both male-related codes (e.g.
prostate cancer) and female-related codes (e.g. menopausal disorders) in the
same record. The former issue also existed in some of the real records due to
missing data, but the latter issue demonstrates a current limitation in medGAN
which could potentially be alleviated by domain specific heuristics. In addition
to medGAN’s impressive performance in statistical aspects, this medical review
lends credibility to the qualitative aspect of medGAN.
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Figure 5: a,b: Sensitivity and precision when varying the number of known attributes. The total number
of attributes (i.e. codes) of dataset B is 1,071. c,d: Sensitivity and precision when varying the size of the
synthetic dataset. The maximum size of the synthetic dataset S 2 {0, 1}N⇥|C| is matched to the size of the
training set R 2 {0, 1}N⇥|C|.

We evaluate both presence and attribute disclosure using dataset B with binary variables. Due to the space
constraint, we present the results of the attribute disclosure in the main paper and leave out the results of
presence disclosure in Appendix F.
Experiment setup: We randomly sample 1% of the training set R as the compromised records, which is
approximately 370 records. For each record r, we randomly choose s attributes as those which are known to
the attacker. Next, the attacker performs k-nearest neighbor classifications to estimate the values of unknown
attributes based on the synthetic records. More specifically, based on the known attributes, k-nearest neighbors
in the synthetic dataset S are retrieved for each compromised record. Then, |C|� s unknown attributes are
estimated based on the majority vote of the k nearest neighbors. Finally, for each unknown attribute, we
calculate classification metrics in the form of precision and sensitivity. We repeat this process for all records of
the 1% samples and obtain the mean precision and mean sensitivity. We vary the number of known attributes s
and the number of neighbors k to study the attribute disclosure risk of medGAN. Note that the s attributes are
randomly sampled across patients, so the attacker may know different s attributes for different patients.
Impact of attacker’s knowledge: Figures 5a and 5b depict the sensitivity (i.e., recall) and the precision of
the attribute disclosure test when varying the number of attributes known to the attacker. In this case, x%
sensitivity means the attacker, using the known attributes of the compromised record and the synthetic data, can
correctly estimate x% of the positive unknown attributes (i.e., attribute values are 1). Likewise, x% precision
means the positive unknown attributes estimated by the attacker are on average x% accurate. Both figures
show that an attacker who knows approximately 1% of the target patient’s attributes (8 to 16 attributes) will
estimate the target’s unknown attributes with less than 10% sensitivity and 20% precision.
Impact of synthetic data size: Next, we fixed the number of known attributes to 16 and varied the number
of records in the synthetic dataset S. Figures 5c and 5d show that the size of the synthetic dataset has little
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• The	attacker	who	knows	1%		of	the	target	patient’s	attributes	(8-16	attributes)
• Can	correctly	estimate	at	most	10%	of	positive	unknown	attributes

• Size	of	the	synthetic	data	has	little	influence	on	the	effectiveness	of	the	attack

Attacker	cannot	gain	useful	knowledge	on	unknown	attributes!
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RCGAN

• Real-valued	(medical)	time	series	generation	with	recurrent	
conditional	GANs.
• Esteban,	Cristóbal,	Stephanie	L.	Hyland,	and	Gunnar	Rätsch,	NIPS	
ML4H	Workshop	2017

• Generate	a	continuous-valued	multi-variate	time-series
• Values such	as	measurements	from	ICU

Sun,	Xiao,	Choi,	dl4health.org



RCGAN:	Model
• Generating	time-series	using	GAN

3 MODELS: RECURRENT GAN AND RECURRENT CONDITIONAL GAN

The model presented in this work follows the architecture of a regular GAN, where both the generator
and the discriminator have been substituted by recurrent neural networks. Therefore, we present
a Recurrent GAN (RGAN), which can generate sequences of real-valued data, and a Recurrent
Conditional GAN (RCGAN), which can generate sequences of real-value data subject to some
conditional inputs. As depicted in Figure 1a, the generator RNN takes a different random seed at each
time step, plus an additional input if we want to condition the generated sequence with additional
data. In Figure 1b, we show how the discriminator RNN takes the generated sequence, together with
an additional input if it is a RCGAN, and produces a classification as synthetic or real for each time
step of the input sequence.

Specifically, the discriminator is trained to minimise the average negative cross-entropy between its
predictions per time-step and the labels of the sequence. If we denote by RNN(X) the vector or
matrix comprising the T outputs from a RNN receiving a sequence of T vectors {xt}Tt=1 (xt 2 Rd),
and by CE(a,b) the average cross-entropy between sequences a and b, then the discriminator loss
for a pair {Xn,yn} (with Xn 2 RT⇥d and yn 2 {1, 0}T ) is:

Dloss(Xn,yn) = �CE(RNND(Xn),yn)

For real sequences, yn is a vector of 1s, or 0s for synthetic sequences. In each training minibatch, the
discriminator sees both real and synthetic sequences.

The objective for the generator is then to ‘trick’ the discriminator into classifying its outputs as
true, that is, it wishes to minimise the (average) negative cross-entropy between the discriminator’s
predictions on generated sequences and the ‘true’ label, the vector of 1s (we write as 1);

Gloss(Zn) = Dloss(RNNG(Zn), 1) = �CE(RNND(RNNG(Zn)), 1)

Here Zn is a sequence of T points {zt}Tt=1 sampled independently from the latent/noise space Z,
thus Zn 2 RT⇥m since Z = Rm. Initial experimentation with non-independent sampling did not
indicate any obvious benefit, but would be a topic for further investigation.

In this work, the architecture selected for both discriminator and generator RNNs is the
LSTM (Hochreiter & Schmidhuber, 1997).

In the conditional case (RCGAN), the inputs to each RNN are augmented with some conditional
information cn (for sample n, say) by concatenation at each time-step;

znt ! [znt; cn] xnt ! [xnt; cn]

In this way the RNN cannot discount the conditional information through forgetting.

Promising research into alternative GAN objectives, such as the Wasserstein GAN (Arjovsky et al.,
2017; Gulrajani et al., 2017) unfortunately do not find easy application to RGANs in our experiments.
Enforcing the Lipschitz constraint on an RNN is a topic for further research, but may be aided by use
of unitary RNNs (Arjovsky et al., 2016; Hyland & Rätsch, 2017).

All models and experiments were implemented in python with scikit-learn (Pedregosa et al., 2011)
and Tensorflow (Abadi et al., 2015), and the code is available in a public git repository: ANON.

3.1 EVALUATION

Evaluating the performance of a GAN is challenging. As illustrated in (Theis et al., 2015) and (Wu
et al., 2016), evaluating likelihoods, with Parzen window estimates (Wu et al., 2016) or otherwise
can be deceptive, and the generator and discriminator losses do not readily correspond to ‘visual
quality’. This nebulous notion of quality is best assessed by a human judge, but it is impractical and
costly to do so. In the imaging domain, scores such as the Inception score (Salimans et al., 2016)
have been developed to aid in evaluation, and Mechanical Turk exploited to distribute the human
labour. However, in the case of real-valued sequential data, is not always easy or even possible to
visually evaluate the generated data. For example, the ICU signals with which we work in this paper,
could look completely random to a non-medical expert.

Therefore, in this work, we start by demonstrating our model with a number of toy datasets that can
be visually evaluated. Next, we use a set of quantifiable methods (description below) that can be used
as an indicator of the data quality.
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quences and produces a classification into real/synthetic
for each time step. In the case of the RCGAN, it also
takes an additional input on each time step that condi-
tions the output.

Figure 1: Architecture of Recurrent GAN and Conditional Recurrent GAN models.

3.1.1 MAXIMUM MEAN DISCREPANCY

We consider a GAN successful if it implicitly learns the distribution of the true data. We assess
this by studying the samples it generates. This is the ideal setting for maximum mean discrepancy
(MMD) (Gretton et al., 2007), and has been used as a training objective for generative moment
matching networks (Li et al., 2015). MMD asks if two sets of samples - one from the GAN, and one
from the true data distribution, for example - were generated by the same distribution. It does this by
comparing statistics of the samples. In practice, we consider the squared difference of the statistics
between the two sets of samples (the MMD2), and replace inner products between (functions of)
the two samples by a kernel. Given a kernel K : X ⇥ Y ! R, and samples {xi}Ni=1, {yj}Mj=1, an
unbiased estimate of MMD2 is:
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Defining appropriate kernels between time series is an area of active research. However, much
of the challenge arises from the need to align time series. In our case, the generated and real
samples are already aligned by our fixing of the ‘time’ axis. We opt then to treat our time series
as vectors (or matrices, in the multidimensional case) for comparisons, and use the radial basis
function (RBF) kernel using the squared `2-norm or Frobenius norm between vectors/matrices;
K(x, y) = exp(�kx� yk2/(2�2)). To select an appropriate kernel bandwidth � we maximise the
estimator of the t-statistic of the power of the MMD test between two distributions (Sutherland et al.,
2016); t̂ = \MMD

2

p
V̂

, where V is the asymptotic variance of the estimator of MMD2. We do this using

a split of the validation set during training - the rest of the set is used to calculate the MMD2 using
the optimised bandwidth. Following (Sutherland et al., 2016), we define a mixed kernel as a sum
of RBF kernels with two different �s, which we optimise simultaneously. We find the MMD2 to
be more informative than either generator or discriminator loss, and correlates well with quality as
assessed by visualising.

3.1.2 TRAIN ON SYNTHETIC, TEST ON REAL (TSTR)

We propose a novel method for evaluating the output of a GAN when a supervised task can be defined
on the domain of the training data. We call it “Train on Synthetic, Test on Real” (TSTR). Simply
put, we use a dataset generated by the GAN to train a model, which is then tested on a held-out set
of true examples. This requires the generated data to have labels - we can either provide these to a
conditional GAN, or use a standard GAN to generate them in addition to the data features. In this
work we opted for the former, as we describe below. For using GANs to share synthetic ‘de-identified’
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Figure 1: Architecture of Recurrent GAN and Conditional Recurrent GAN models.

3.1.1 MAXIMUM MEAN DISCREPANCY

We consider a GAN successful if it implicitly learns the distribution of the true data. We assess
this by studying the samples it generates. This is the ideal setting for maximum mean discrepancy
(MMD) (Gretton et al., 2007), and has been used as a training objective for generative moment
matching networks (Li et al., 2015). MMD asks if two sets of samples - one from the GAN, and one
from the true data distribution, for example - were generated by the same distribution. It does this by
comparing statistics of the samples. In practice, we consider the squared difference of the statistics
between the two sets of samples (the MMD2), and replace inner products between (functions of)
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Defining appropriate kernels between time series is an area of active research. However, much
of the challenge arises from the need to align time series. In our case, the generated and real
samples are already aligned by our fixing of the ‘time’ axis. We opt then to treat our time series
as vectors (or matrices, in the multidimensional case) for comparisons, and use the radial basis
function (RBF) kernel using the squared `2-norm or Frobenius norm between vectors/matrices;
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2016); t̂ = \MMD

2

p
V̂

, where V is the asymptotic variance of the estimator of MMD2. We do this using

a split of the validation set during training - the rest of the set is used to calculate the MMD2 using
the optimised bandwidth. Following (Sutherland et al., 2016), we define a mixed kernel as a sum
of RBF kernels with two different �s, which we optimise simultaneously. We find the MMD2 to
be more informative than either generator or discriminator loss, and correlates well with quality as
assessed by visualising.

3.1.2 TRAIN ON SYNTHETIC, TEST ON REAL (TSTR)

We propose a novel method for evaluating the output of a GAN when a supervised task can be defined
on the domain of the training data. We call it “Train on Synthetic, Test on Real” (TSTR). Simply
put, we use a dataset generated by the GAN to train a model, which is then tested on a held-out set
of true examples. This requires the generated data to have labels - we can either provide these to a
conditional GAN, or use a standard GAN to generate them in addition to the data features. In this
work we opted for the former, as we describe below. For using GANs to share synthetic ‘de-identified’
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a Recurrent GAN (RGAN), which can generate sequences of real-valued data, and a Recurrent
Conditional GAN (RCGAN), which can generate sequences of real-value data subject to some
conditional inputs. As depicted in Figure 1a, the generator RNN takes a different random seed at each
time step, plus an additional input if we want to condition the generated sequence with additional
data. In Figure 1b, we show how the discriminator RNN takes the generated sequence, together with
an additional input if it is a RCGAN, and produces a classification as synthetic or real for each time
step of the input sequence.

Specifically, the discriminator is trained to minimise the average negative cross-entropy between its
predictions per time-step and the labels of the sequence. If we denote by RNN(X) the vector or
matrix comprising the T outputs from a RNN receiving a sequence of T vectors {xt}Tt=1 (xt 2 Rd),
and by CE(a,b) the average cross-entropy between sequences a and b, then the discriminator loss
for a pair {Xn,yn} (with Xn 2 RT⇥d and yn 2 {1, 0}T ) is:

Dloss(Xn,yn) = �CE(RNND(Xn),yn)

For real sequences, yn is a vector of 1s, or 0s for synthetic sequences. In each training minibatch, the
discriminator sees both real and synthetic sequences.

The objective for the generator is then to ‘trick’ the discriminator into classifying its outputs as
true, that is, it wishes to minimise the (average) negative cross-entropy between the discriminator’s
predictions on generated sequences and the ‘true’ label, the vector of 1s (we write as 1);

Gloss(Zn) = Dloss(RNNG(Zn), 1) = �CE(RNND(RNNG(Zn)), 1)

Here Zn is a sequence of T points {zt}Tt=1 sampled independently from the latent/noise space Z,
thus Zn 2 RT⇥m since Z = Rm. Initial experimentation with non-independent sampling did not
indicate any obvious benefit, but would be a topic for further investigation.

In this work, the architecture selected for both discriminator and generator RNNs is the
LSTM (Hochreiter & Schmidhuber, 1997).

In the conditional case (RCGAN), the inputs to each RNN are augmented with some conditional
information cn (for sample n, say) by concatenation at each time-step;

znt ! [znt; cn] xnt ! [xnt; cn]

In this way the RNN cannot discount the conditional information through forgetting.

Promising research into alternative GAN objectives, such as the Wasserstein GAN (Arjovsky et al.,
2017; Gulrajani et al., 2017) unfortunately do not find easy application to RGANs in our experiments.
Enforcing the Lipschitz constraint on an RNN is a topic for further research, but may be aided by use
of unitary RNNs (Arjovsky et al., 2016; Hyland & Rätsch, 2017).

All models and experiments were implemented in python with scikit-learn (Pedregosa et al., 2011)
and Tensorflow (Abadi et al., 2015), and the code is available in a public git repository: ANON.

3.1 EVALUATION

Evaluating the performance of a GAN is challenging. As illustrated in (Theis et al., 2015) and (Wu
et al., 2016), evaluating likelihoods, with Parzen window estimates (Wu et al., 2016) or otherwise
can be deceptive, and the generator and discriminator losses do not readily correspond to ‘visual
quality’. This nebulous notion of quality is best assessed by a human judge, but it is impractical and
costly to do so. In the imaging domain, scores such as the Inception score (Salimans et al., 2016)
have been developed to aid in evaluation, and Mechanical Turk exploited to distribute the human
labour. However, in the case of real-valued sequential data, is not always easy or even possible to
visually evaluate the generated data. For example, the ICU signals with which we work in this paper,
could look completely random to a non-medical expert.

Therefore, in this work, we start by demonstrating our model with a number of toy datasets that can
be visually evaluated. Next, we use a set of quantifiable methods (description below) that can be used
as an indicator of the data quality.
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RCGAN:	Data

• Dataset
• 17,693	patients	from	Philips	eICU dataset

• Features
• Four	most	frequently	recorded	variables	by	bed-side	monitors
• Oxigen saturation	(SpO2),	heart	rate	(HR),	respiratory	rate	(RR),	mean	arterial	
pressure	(MAP)
• 16	measurement	per	each	variable	(16-step	time-series)

• Measurements	for	a	4-hour	period	

• Exclude patients with missing data
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RCGAN:	Result
• Evaluation of the synthetic data
• Train	Random	Forest	on	synthetic	training	data
• Test	the	trained	RF	on	real	test	data

• Prediction	tasks
• Based	on	4-hours	observation	(16-timesteps),	predict	future	binary	label
• Will	{SpO2,	HR,	RR,	MAP}	be	high/low	in	the	next	hour?

SpO2 < 95 HR < 70 HR > 100

AUROC
real 0.9587± 0.0004 0.9908± 0.0005 0.9919± 0.0002

TSTR 0.88± 0.01 0.96± 0.01 0.95± 0.01

AUPRC
real 0.9059± 0.0005 0.9855± 0.0002 0.9778± 0.0002

TSTR 0.66± 0.02 0.90± 0.02 0.84± 0.03
random 0.16 0.26 0.18

RR < 13 RR > 20 MAP < 70 MAP > 110

AUROC
real 0.9735± 0.0001 0.963± 0.001 0.9717± 0.0001 0.960± 0.001

TSTR 0.86± 0.01 0.84± 0.02 0.875± 0.007 0.87± 0.04

AUPRC
real 0.9557± 0.0002 0.891± 0.001 0.9653± 0.0001 0.8629± 0.0007

TSTR 0.73± 0.02 0.50± 0.06 0.82± 0.02 0.42± 0.07
random 0.26 0.1 0.39 0.05

Table 2: Performance of random forest classifier for eICU tasks when trained with real data and
when trained with synthetic data (test set is real), including random prediction baselines. AUPRC
stands for area under the precision-recall curve, and AUROC stands for area under ROC curve. Italics
denotes those tasks whose performance were optimised in cross-validation.

5.1 TSTR TASKS IN EICU

The data generated in a ICU is complex, so it is challenging for non-medical experts to spot patterns
or trends on it. Thus, one plot showing synthetic ICU data would not provide enough information
to evaluate its actual similarity to the real data. Therefore, we evaluate the performance of the ICU
RCGAN using the TSTR method.

To perform the TSTR evaluation, we need a supervised task (or tasks) on the data. A relevant question
in the ICU is whether or not a patient will become ‘critical’ in the near future - a kind of early
warning system. For a model generating dynamic time-series data, this is especially appropriate, as
trends in the data are likely most predictive. Based on our four variables (SpO2, HR, RR, MAP) we
define ‘critical thresholds’ and generate binary labels of whether or not that variable will exceed the
threshold in the next hour of the patient’s stay - that is, between hour 4 and 5, since we consider the
first four hours ‘observed’. The thresholds are shown in the columns of Table 2. There is no upper
threshold for SpO2, as it is a percentage with 100% denoting ideal conditions.

As for MNIST, we ‘sample’ labels by drawing them from the real data labels, and use these as
conditioning inputs for the RCGAN. This ensures the label distribution in the synthetic dataset and
the real dataset is the same, respecting the fact that the labels are not independent (a patient is unlikely
to simultaneously suffer from high and low blood pressure).

Following Algorithm 1, we train the RCGAN for 1000 epochs, saving one version of the dataset every
50 epochs. Afterwards, we evaluate the synthetic data using TSTR. We use cross validation to select
the best synthetic dataset based on the classifier performance, but since we assume that it might be
also used for unknown tasks, we use only 3 of the 7 tasks of interest to perform this cross validation
step (denoted in italics in Table 2). The results of this experiment are presented in Table 2, which
compares the performance achieved by a random forest classifier that has been trained to predict the 7
tasks of interest, in one experiment with real data and in a different experiment with the synthetically
generated data.

6 IS THE GAN JUST MEMORISING THE TRAINING DATA?

One explanation for the TSTR performance in MNIST and eICU could be that the GAN is simply
"memorising" the training data and reproducing it. If this were the case, then the (potentially private)
data used to train the GAN would be leaked, raising privacy concerns when used on sensitive medical
data. It is key that the training data for the model should not be recoverable by an adversary. In
addition, while the typical GAN objective incentivises the generator to reproduce training examples,
we hope that it does not overfit to the training data, and learn an implicit distribution which is peaked
at training examples, and negligible elsewhere.

To answer this question we perform three tests - one qualitative, two statistical, outlined in the
following subsections. While these evaluations are empirical in nature, we still believe that the
proposed and tested privacy evaluation measures can be very useful to quickly check privacy properties
of RGAN generated data – but without strong privacy guarantees.
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RCGAN:	Conclusion

• Is	RCGAN	just	memorizing?
• Are	there	privacy	risks?

• Use	Maximum	Mean	Discrepancy	(MMD)	for	evaluation
• MMD:	measure	of	the	distance	between	two	distributions

• Null	hypothesis:	RCGAN	has	notmemorized	the	training	data
• MMD(synthetic	data,	test	data)	<	MMD	(synthetic	data,	train	data)

• P-value:	0.40+-0.05
• Cannot	reject	the	null	hypothesis

• Synthetic	samples	do	not	look	more	similar	to	the	training	set	than	they	do	
to	the	test	set
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Recent	Trend	in	Variational	Autoencoders	based	
Molecular	Graph	Generation	for	Drug	Discovery
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Molecular	Graph	Generation:	Molecule	
Encoding
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N
H

OCC(=O)C=1Nc3ccccc3OC=1C2CCC(N)C2

The	simplified	molecular-input	line-
entry	system	(SMILES)	is	a	format	of	
encoding	molecules	in	text	strings.

Consider	a	molecule	as	a	sequential	data	and	apply	NLP	techniques.
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Molecular	Graph	Generation:	Benchmark	
Data

QM9:	L.	Ruddigkeit,	R.	van	Deursen,	L.	C.	Blum,	J.-L.	Reymond,	Enumeration	of	166	billion	organic	small	
molecules	in	the	chemical	universe	database	GDB-17,	J.	Chem.	Inf.	Model.	52,	2864–2875,	2012.

ZINC:	Irwin,	Sterling,	Mysinger,	Bolstad and	Coleman,	J.	Chem.	Inf.	Model.	2012	DOI:	
10.1021/ci3001277.
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Molecular	Graph	Generation:	Challenges	&	
Opportunities
• Goal:	Train	generative	models	to	construct	more	complex,	discrete	
data	types.

• Challenge:	1.	Formal	Languages	is	very	strict	2.	Small	changes	in	
output	leads	to	syntax	error

• Opportunities:	1.	Syntax	is	context	free	2.	Grammar	is	known	and	
fixed	3.	Parses	are	unique
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Tools:	Variational	AutoEncoder (Kingma et	al.,	
13;	Rezende et	al.,	14)

Latent	Code	z

Decoder	
yz($|!)

Output	tu’Input	x

Latent	Code	z

Encoder	
vw(!|$)

+ ), É = −ÑÄÅ ! $ 	 log(yz $ ! )	 + Ö+(vw ! $ , yz ! )

reconstruction	loss penalty	for	
information	loss
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Molecular	Graph	Generation:	CVAE	(Rafael	
Gómez-Bombarelli et	al.,	2016)

Rafael	Gómez-Bombarelli et	al.,	Automatic	Chemical	Design	Using	a	Data-Driven	Continuous	Representation	
of	Molecules.,	ACS	Cent.	Sci.,	2018,	4	(2),	pp	268–276

• Encode	and	decode	molecules	
represented	as	SMILE	with	VAE.

• Latent	representations	could	be	
used	to	learn	in	semi-supervised	
setting.

• The	learned	model	can	be	used	to	
find	molecules	with	desired	
property	by	optimizing	
representation	in	latent	space	
and	decoding	it.
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Molecular	Graph	Generation:	Grammar	VAE	
(GVAE,	Kusnar et	al.,	2017)

Kusnar et	al.,	Grammar	Variational	Autoencoder,	ICML’	17

Encode

Decode
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Molecular	Graph	Generation:	Junction	Tree	VAE	(Jin et	
al.,	2018)
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Agenda

• Background	(30	min)
• healthcare	data	
• analytical	tasks
• why	deep	learning	models?
• deep	learning	architectures	

• Success	of	Deep	Learning	in	Computational	Healthcare	(2	hr)
• Medical	Classification	
• Sequential	Prediction
• Concept	Embedding
• Data	Augmentation

• Open	Challenges	
• Q&A	
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Challenges	of	Deep	Learning	for	Healthcare	Applications

Small	Sample	Size

hospital	visits	during	2016-2017

Patient	A

Patient	B
Temporality	&	Irregularity Multi-modality

Lack-of-label
case control

Data
Model

Prediction

case control

Interpretability

Dr. AI
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What’s	next?

Model interpretation More complex output

Clinical 

question & answer 

Modeling heterogeneous data sources

Clinical notes -Omic data sensor Medical imaging
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