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OBJECTIVES
1.

Learn about limitations of conventional models

2.

What do deep learning models look like?

3.

Deep learning in action

AI, MACHINE LEARNING,
DEEP LEARNING
Artificial
Intelligence
(AI)

Machine
Learning

Deep
Learning

MACHINE LEARNING VS.
STATISTICS
• Machine learning deals with high-dimensional data
– Data can be unstructured
• E.g. video, images, natural language data

Statistics

Machine
Learning
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MACHINE LEARNING TASKS
Supervised
Learning

• Input: data, labels
• Output: label prediction for new data
points

Unsupervised
Learning

Machine Learning

Reinforcement
Learning

• Input: data
• Output: discover the latent
structure of data points

• Input: data, occasional feedback
• Output: learned policy as series of
actions

CENTRAL PROBLEM
• To transform data to learn useful representations of the input data
(encode), i.e. representation learning
y
y

y
x

x

x

CONVENTIONAL MACHINE
LEARNING MODELS
• There are already many different machine learning (ML) and statistical
learning models
– Logistic regression
– Support Vector Machines (SVM)
– Random forests
Total
Energy
Very Low

Very High
Low

Stand

Run

Main
Frequency
Low
Sit

High
Walk

Decision Tree

Support Vector Machine
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LIMITATIONS OF
CONVENTIONAL ML MODELS
• Shallow models that are unable to model highly complex data
– E.g. video or image analysis

• Features need to be provided to the model, but what features for
each problem?
– Feature engineering
Conventional
Machine
Learning

Input

Manual Feature
Extraction

Classification

Deep
Learning
Input

Automated Feature
Extraction & Classification

Output
(Benign,
Malignant)

Output
(Benign,
Malignant)

NEURAL NETWORKS
HISTORY
G O E S B AC K TO 1 9 4 0 , W I T H
S E V E R A L DA R K A I W I N T E R S

Image from https://beamandrew.github.io/deeplearning/2017/02/23/deep_learning_101_part1.html

ELECTRONIC
BRAIN - 1943
Output
Signal

Input
Signal

§ Warren McCulloch and Walter Pitts
published the first concept of a simplified
brain cell (1943).
§ A simple logic gate with binary
outputs
§ Multiple signals arrive at the
dendrites,
§ Signals then integrated into the
cell body,

𝑥"
𝑥#
𝑥$

0.3
0.3
0.3

Φ 𝑥 =,

Σ

𝑦

§ If the accumulated signal
exceeds a certain threshold, an
output signal is generated that
will be passed on by the axon

1 𝑖𝑓 𝑥 ≥ 𝜃
−1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
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PERCEPTRON 1957

d

y = å w j x j + w0 = w T x
j =1

w = [w0 , w1 ,..., wd ]

T

x = [1, x1 ,..., xd ]

T

𝑥"

•

The basic processing element
(Rosenblat, 1957)

•

Associated with each input xi is a
connection weight wi

•

Rosenblatt proposed an algorithm to
automatically learn the optimal
weights

𝑤"

𝑥#
𝑥$

𝑤#

Σ

𝑦

𝑤$

The Mark I Perceptron machine was the first
implementation of the perceptron algorithm.
The machine was connected to a camera
that used 20×20 cadmium sulfide photocells
to produce a 400-pixel image. The main
visible feature is a patchboard that allowed
experimentation with different combinations
of input features. To the right of that are
arrays of potentiometers that implemented
the adaptive weights.
Wiki - Perceptron

ADALINE - 1960

Adaline

𝐸 𝑤 =

1
= 𝑦> − Φ 𝑧>
2
>

#

•

Proposed by Widrow & Hoff

•

Illustrates the key concept of
defining and minimizing a cost
function

•

The groundwork for
understanding more advanced
techniques

•

Key difference from
perceptron
•

Compared to perceptron, we
can use a continuous function
to compute the error

•

Differentiable

Winter is coming

AI WINTER
( 1 9 74 – 1 9 8 0 )
Picture & quote from HBO series, Game of Thrones

5

1/11/18

BACKPROPAGATION
- 1986
•

Proposed by Rumelhart, Hinton, and
Williams

•

Paved the way for training deep
networks

Rumelhart, Hinton, Williams (1986)

Winter is coming…
Again

AI WINTER
(1987 – 1993)
Picture & quote from HBO series, Game of Thrones

Ruslan Salakhutdinov and Geoffrey Hinton, 2006

DEEP
LEARNING
IS
REBORN

REIGNITED DEEP
LEARNING IN
2006
An Efficient Learning Procedure for Deep Boltzmann Machines. Ruslan Salakhutdinov and
Geoffrey Hinton. Neural Computation August 2012, Vol. 24, No. 8: 1967 -- 2006.

6

1/11/18

FIRST
IMPRESSIVE
R E S U LT S

Dahl, George E., Dong Yu, Li Deng, and Alex Acero. "Context-dependent pretrained deep neural networks for large-vocabulary speech recognition." IEEE
Transactions on audio, speech, and language processing 20, no. 1 (2012): 30-42.

S TA R T I N G I N
2010-2012

Krizhevsky, Alex, Ilya Sutskever, and Geoffrey E. Hinton. "Imagenet classification
with deep convolutional neural networks." In Advances in neural information
processing systems, pp. 1097-1105. 2012.

REGRESSION
d

y = å w j x j + w0 = w T x
j =1

y

y
w0

w
x
x

x0=+1

CLASSIFICATION
Φ 𝑥 =,

1 𝑖𝑓 𝑥 ≥ 𝜃
−1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
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CLASSIFICATION + POSTERIOR
PROBABILITY

w0

y

y

s
w

x
x

(

)

y = sigmoid w T x =

1
1 + exp - w T x

[

]

PERCEPTRON ONLINE
LEARNING
• We do not write the error function over the whole sample at once
– But on individual instances at each step
1.

Start from random weights

2.

At each iteration, adjust parameters a little bit to minimize error based
on current input
Learning
Rate

Input
Feature
Value

B

Δ𝑤B = 𝜂 𝑦> − 𝑦D> 𝑥>
Weight
update

Actual
value

Predicted
value

FULLY CONNECTED
NETWORKS (FCN)
• Composed of multiple hidden layers
– Every neuron in layer i is connected to every other neuron in layer i + 1
Input
𝑥"

Hidden Layers
𝑤""

Output

𝑤#"

𝑥#
.
.

𝑤"E

𝑤#E

Rumelhart, Hinton, Williams (1986)

• Even simple NN can be helpful for classification:
• Normal beat,
• Congestive heart failure beat
• Ventricular tachyarrhythmia beat
• Atrial fibrillation beat
Güler, İnan. "ECG beat classifier designed by combined neural network
model."Pattern recognition 38.2 (2005): 199-208.
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GRADIENT DESCENT
• A simple, yet powerful optimization algorithm
• Think of it as climbing down a hill until a local or global minimum is
reached.
• In each iteration, we take a step away from the gradient where the
step size is determined by the value of the learning rate as well as the
slope of the gradient.
Δ𝑤 = −𝜂𝛻𝐸(𝑤) Update
𝜕𝐸
𝜕 1
=
= 𝑦> − Φ 𝑧>
𝜕𝑤B 𝜕𝑤B 2

#

>

Gradient

B

= − = 𝑦> − Φ 𝑧> 𝑥>
>

FULLY CONNECTED
NETWORKS (FCN)
• Backpropagation algorithm is key
M

ℎ> = 𝜎(= 𝑥B 𝑤>B + 𝑏>B )
BN"

1.
2.
3.
4.

Sample a batch of data
Forward through network, compute loss
Backpropagate to calculate the gradients
Update the weights using the gradients

Input
𝑥"

Hidden Layers
𝑤""

Output

𝑤#"

𝑥#
.
.

𝑤"E

𝑤#E

Rumelhart, Hinton, Williams (1986)

DEEP LEARNING
• Learning successive layers of increasingly meaningful representations
– Mostly learned via models known as neural networks

Image from https://www.edureka.co/blog/what-is-deep-learning
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INCREASING
NETWORK SIZE
• It is not just about the
number of neurons.

• Brain is much more
complex

*Deep learning textbook, Goodfellow et al. 2015.

MANY DEEP LEARNING
MODELS

B. Shickel, P. J. Tighe, A. Bihorac and P. Rashidi, "Deep EHR: A Survey of Recent Advances in Deep Learning Techniques for Electronic
Health Record (EHR) Analysis," in IEEE Journal of Biomedical and Health Informatics, vol. PP, no. 99, pp. 1-1.

CONVOLUTIONAL NEURAL
NETWORKS (CNN)
• CNN layers extract patches from input feature maps and apply the
same transformation to all patches, producing an output feature map.
• Tool of choice in almost every vision tasks these days
• Many variants

Malignant
Benign

Input
(Tensor)

Convolution +
ReLU

Pooling

Convolution +
ReLU

Pooling

Fully
Connected
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CNNS HAVE BEEN
AROUND FOR A LONG
TIME
• Goes back to 1989, first successful application LeNet
• In recent years, it scaled up due to hardware improvements,
algorithmic advances, and data availability

Yann LeCun

LeNet (1989)

IMPRESSIVE PROGRESS
• Error rates for ImageNet challenge have fallen from 28.5%
to below 2.5% since 2010

• Many biomedical imaging applications
– Image segmentation & registration
– Automatic labeling (e.g. lesion detection)
– Computer-aided diagnosis

Lee, June-Goo, Sanghoon Jun, Young-Won Cho, Hyunna Lee,
Guk Bae Kim, Joon Beom Seo, and Namkug Kim. "Deep
Learning in Medical Imaging: General Overview." Korean
Journal of Radiology 18, no. 4 (2017): 570-584.

RECURRENT NEURAL
NETWORKS (RNN)
• CNNs useful when data has spatial structure
• Recurrent neural networks (RNNs) useful for sequentially ordered
data
– Time series, natural language

• Popular RNN variants
– Long short-term memory (LSTM)
– Gated recurrent unit (GRU)
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RECURRENT NEURAL
NETWORKS (RNN)
Published as a conference paper at ICLR 2016

• Physiological signals can be processed by LSTMs
we use the same output weights to calculate ŷ (t) for all t. Further, we use this target replication to
generate output at each sequence step, but not at each hidden layer.
For the model with target replication, we generate an output ŷ (t) at every sequence step. Our loss is

then a convex combination of the final loss and the average of the losses over all steps:
SBP
T
DBP
1X
↵·
loss(ŷ (t) , y (t) ) + (1 ↵) · loss(ŷ (T ) , y (T ) )
CR
T t=1
128
ETC
where T is the total number of sequence steps and ↵Diagnostic
2 [0, 1] is a hyper-parameter which determines
O2the relative importance of hitting these intermediary targets. At prediction time, we take only the
output
at
the
final
step.
In
our
experiments,
networks
using
target replication outperform those with
Labels
FIO2
a loss applied only at the final sequence step.
RR
SpO2
GCS
Gluc
HR
pH
Temp
UOP
Figure 2: An RNN classification model with target replication. The primary target (depicted in red)
at the final step is used at prediction time, but during training, the model back-propagates errors
from the intermediate targets (purple) at every sequence step.

4.3

AUXILIARY O UTPUT T RAINING

Recall that our initial data contained 429 diagnostic labels but that our task is to predict only 128.
Given the well-documented successes of multitask learning with shared representations and feedforward networks, we wish to train a stronger model by using the remaining 301 labels or other
information in the patient’s chart, such as diagnostic categories, as auxiliary targets (Caruana et al.,
1996). These additional targets serve reduce overfitting as the model aims to minimize the loss on
the labels of interest while also minimizing loss on the auxiliary targets (Figure 3).

AUTOENCODERS
Figure 3: Our dataset contains many labels. For our task, a subset of 128 are of interest (depicted
in red). Our Auiliary Output neural network makes use of extra labels as additional training targets
(depicted in purple). At inference time we generate predictions for only the labels of interest.
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• Typically used for unsupervised representation learning
• To encode input into a lower dimensional space
– Reconstruction and decoding
𝑥P = 𝜎(𝑊 Q 𝑧 + 𝑏′)
𝑧 = 𝜎(𝑊𝑥 + 𝑏)

AUTOENCODERS
www.nature.com/scientificreports/

www.nature.com/scientificreports
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Deep Patient: An Unsupervised
Representation to Predict the
Future of Patients from the
Electronic Health Records
Riccardo Miotto1,2,3, Li Li1,2,3, Brian A. Kidd1,2,3, Joel T. Dudley1,2,3
Secondary use of electronic health records (EHRs) promises to advance clinical research and better
inform clinical decision making. Challenges in summarizing and representing patient data prevent
widespread practice of predictive modeling using EHRs. Here we present a novel unsupervised deep
feature learning method to derive a general-purpose patient representation from EHR data that
facilitates clinical predictive modeling. In particular, a three-layer stack of denoising autoencoders
was used to capture hierarchical regularities and dependencies in the aggregated EHRs of about
700,000 patients from the Mount Sinai data warehouse. The result is a representation we name “deep
patient”. We evaluated this representation as broadly predictive of health states by assessing the
probability of patients to develop various diseases. We performed evaluation using 76,214 test patients
comprising 78 diseases from diverse clinical domains and temporal windows. Our results significantly
outperformed those achieved using representations based on raw EHR data and alternative feature
learning strategies. Prediction performance for severe diabetes, schizophrenia, and various cancers
were among the top performing. These findings indicate that deep learning applied to EHRs can derive
patient representations that offer improved clinical predictions, and could provide a machine learning
framework for augmenting clinical decision systems.

Figure 1. Conceptual framework used to derive the deep patient representation through unsupervised
deep learning of a large EHR data warehouse. (A) Pre-processing stage to obtain raw patient representations
from the EHRs. (B) The raw representations are modeled by the unsupervised deep architecture leading to a set
of general and robust features. (C) The deep features are applied to the entire hospital database to derive patient
representations that can be applied to a number of clinical tasks.

A primary goal of precision medicine is to develop quantitative models for patients that can be used to predict
health status, as well as to help prevent disease or disability. In this context, electronic health records (EHRs) offer
great promise for accelerating clinical research and predictive analysis1. Recent studies have shown that secondary
use of EHRs has enabled data-driven prediction of drug effects and interactions2, identification of type 2 diabetes
subgroups3, discovery of comorbidity clusters in autism spectrum disorders4, and improvements in recruiting
patients for clinical trials5. However, predictive models and tools based on modern machine learning techniques
have not been widely and reliably used in clinical decision support systems or workflows6–9.
EHR data is challenging to represent and model due to its high dimensionality, noise, heterogeneity, sparseness, incompleteness, random errors, and systematic biases7,10,11. Moreover, the same clinical phenotype can be
expressed using different codes and terminologies. For example, a patient diagnosed with “type 2 diabetes mellitus” can be identified by laboratory values of hemoglobin A1C greater than 7.0, presence of 250.00 ICD-9 code,
“type 2 diabetes mellitus” mentioned in the free-text clinical notes, and so on. These challenges have made it
difficult for machine learning methods to identify patterns that produce predictive clinical models for real-world
applications12.
The success of predictive algorithms largely depends on feature selection and data representation12,13. A common approach with EHRs is to have a domain expert designate the patterns to look for (i.e., the learning task
and the targets) and to specify clinical variables in an ad-hoc manner7. Although appropriate in some situations,
supervised definition of the feature space scales poorly, does not generalize well, and misses opportunities to
discover novel patterns and features. To address these shortcomings, data-driven approaches for feature selection in EHRs have been proposed14–16. A limitation of these methods is that patients are often represented as
1
Department of Genetics and Genomic Sciences, Icahn School of Medicine at Mount Sinai, New York, NY, USA.
2
Harris Center for Precision Wellness, Icahn School of Medicine at Mount Sinai, New York, NY, USA. 3Icahn Institute
for Genomics and Multiscale Biology, Icahn School of Medicine at Mount Sinai, New York, NY, USA. Correspondence
and requests for materials should be addressed to J.T.D. (email: joel.dudley@mssm.edu)

Scientific RepoRts | 6:26094 | DOI: 10.1038/srep26094

1
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Figure 2. Diagram of the unsupervised deep feature learning pipeline to transform a raw dataset into the
deep patient representation through multiple layers of neural networks. Each layer of the neural network is
trained to produce a higher-level representation from the result of the previous layer.

Scientific RepoRts | 6:26094 | DOI: 10.1038/srep26094
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COMBINING
DATA
TYPES

W E C A N C R E AT E
M U LT I - I N P U T
A N D M U LT I OUTPUT MODELS
Chollet, François. "Keras." (2015).

REINFORCEMENT LEARNING
• Which actions to take to maximize cumulative reward
• Tradeoff between exploration & exploitation
𝑎 = 𝜋(𝑠)

Silver, David, Julian Schrittwieser, Karen Simonyan, Ioannis Antonoglou, Aja
Huang, Arthur Guez, Thomas Hubert et al. "Mastering the game of go without
human knowledge." Nature 550, no. 7676 (2017): 354.

Mnih, Volodymyr, Koray Kavukcuoglu, David Silver, Andrei A. Rusu, Joel Veness, Marc G.
Bellemare, Alex Graves et al. "Human-level control through deep reinforcement learning."
Nature 518, no. 7540 (2015): 529-533.

Image via Wiki – Reinforcement Learning

SUCCESS STORIES
• Near-human-level
– Image classification, speech recognition, handwriting transcription

• Improved
– Machine translation, text-to-speech, autonomous driving

• Superhuman
– Go playing
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RECENT PROGRESS - 2017
Capsule Net

• Capsule net
• One model for all
• Alpha-zero

Sabour, Sara, Nicholas Frosst, and Geoffrey E. Hinton. "Dynamic routing between
capsules." In Advances in Neural Information Processing Systems, pp. 3859-3869. 2017.

Silver, David, Julian Schrittwieser, Karen Simonyan, Ioannis
Antonoglou, Aja Huang, Arthur Guez, Thomas Hubert et al.
"Mastering the game of go without human knowledge." Nature 550,
no. 7676 (2017): 354.

Kaiser, Lukasz, Aidan N. Gomez, Noam Shazeer, Ashish Vaswani, Niki
Parmar, Llion Jones, and Jakob Uszkoreit. "One model to learn them
all." arXiv preprint arXiv:1706.05137 (2017).

AUC @ 24 hours (early detection)

OUR USE
CASES
• Time series: LSTM
– SOFA Score Prediction

• Video feed: CNN
– Functional status
detection

• Text: LSTM
– Mental health, clinical
notes

Shickel, Benjamin, Tyler Loftus, Tezcan Ozrazgat Baslanti, Azra Bihorac, and Parisa Rashidi. "1619: Increasing Sofa
Score Granularity With Deep Learning." Critical Care Medicine 46, no. 1 (2018): 794.
Shickel, Benjamin, Martin Heesacker, Sherry Benton, and Parisa Rashidi. "Hashtag Healthcare: From Tweets to
Mental Health Journals Using Deep Transfer Learning." arXiv preprint arXiv:1708.01372 (2017).

AI FUTURE
• Human-level general intelligence: still
far far away
• Many opportunities for AI in medicine
• Best to moderate our expectations,
there is a short-term hype, but there is
also a long-term vision
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WHERE TO GO
FROM HERE?
• Our recent survey paper
on use of deep learning
with EHR data link

• Look for the latest
developments on ArXiv

• Many open software tools
–

Keras

–

TensorFlow

–

CNTK

–

Theano

–

MXNet
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