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Presenter
Presentation Notes
With those similar patient cohorts, we can perform targeted prognosis, design customized therapies, find disease subtyping. The framework is motived by the working process of human doctors. If doctors can recall the diagnosed patients with similar symptoms for a new patient, the probability of successfully diagnosing and curing this patient may improve a lot. How to find the similar cohort is the key step for personalized diagnosis prediction.�



Patient Similarity

 Tremendous clinical information of patients are available due 
to the prevalence of Electronic Health Records (EHRs) 

 These wealth clinical information make it possible to perform 
patient similarity analysis
• A fundamental problem in healthcare informatics
• The goal is to measure the similarity between a pair of patients
• Could help to retrieve similar reference cases for predicting the 

clinical outcome of interest



Patient Similarity

 The key part of patient similarity learning is to learn a 
clinically meaningful and precise similarity metric

 Learn a similarity function

which can measure the similarity between any two patient
samples 𝒙𝒙𝒊𝒊 and 𝒙𝒙𝒋𝒋

 Compared with some simple metrics, such as Euclidean
distances, the metric generated by patient similarity learning
can capture more statistical regularities in the patient data

Similar or not?

𝒔𝒔 𝒙𝒙𝒊𝒊 ,𝒙𝒙𝒋𝒋 = 𝒙𝒙𝒊𝒊𝑻𝑻𝑴𝑴𝒙𝒙𝒋𝒋 ,

Needs to be learned



Metric Learning
 Metric Learning

• Metric learning is to learn a distance metric, which pulls the same 
class samples closer together and push different class samples further 
apart.

 Distance metric learning has been studied by many works which address 
different metric learning problems 
• Sparse feature selection
• Multi-class metric learning
• Deep metric learning
• ….

Fig. Illustration of metric learning applied to a toy dataset, 
which contains two kinds of samples (i.e., red dots and blue 
triangles). 



Metrics Learned Used in Many Applications

Needs for similarity measures
 Classifications: k-nearest neighbors, support vector machines …

 Clustering: k-means and its variants.

 Data visualization in high dimensions.

 Zero-short learning

 Person re-identification 

 …

The performance of these algorithms 
heavily depends on the choices of 
similarity between objects.



Challenges

 The patient data are usually high dimensional, complex and 
noisy
• The features used for similarity learning may contain much 

irrelevant and redundant information
• These information can hide the relationship between the learning 

task and the most relevant features

 It is essential to remove irrelevant and redundant 
information when conducting patient similarity learning

 To address the complex nature of patient data, some sparse 
feature selection methods have been proposed
• Select relevant features that are highly correlated with the 

learning task
• Ignore the correlations among the selected features



Uncorrelated Patient Similarity Learning
(SDM 2018)

Metric learning for patient similarity measure
 The goal of patient similarity learning is to derive a clinically 

meaningful distance metric to measure the similarity between a pair 
of patients according to their clinical information.

The challenges
 Existing works mainly focus on sparse feature selection, and they

ignore the correlations among the selected features.

 Patient data may be distributed across different sites.

The correlated features may share
similar properties and reveal
overlapped information

Figure : Feature correlations on Colon Cancer dataset and Parkinson’s disease dataset. 
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Uncorrelated Patient Similarity Learning (UnPSL)
 Step 1: Formulate the 

similarity learning problem 
as a maximum likelihood 
estimation problem.

 Step 2: Introduce two 
regularization terms, 
controlling sparse feature 
selection and uncorrelated 
feature selection.

Distributed patient similarity
learning
 Decompose UnPSL such 

that the metric can be 
learned without directly 
accessing the raw data at 
each site.

Original
dataset Sparsity Sparsity

+correlation

0.502 0.412 0.337

Table 1 : The average feature correlation over 
Parkinson disease dataset under three different 
situations: (1) the original dataset, (2) only 
considering sparsity; (3) considering both 
sparsity and correlation

Table 2 : Performance comparison on Parkinson 
disease dataset. 

UnPSL Cosine Euc GMML ITML LMNN Low
-Rank

Accuracy 0.822 0.643 0.775 0.744 0.793 0.815 0.797

F2-score 0.880 0.759 0.798 0.856 0.843 0.866 0.719
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Distributed Patient Similarity Learning
 Input:

• A set of parties (i.e., sites) 𝒫𝒫 = {1,2,3, … ,𝑃𝑃}
• Each party 𝑝𝑝 has two sets of sample pairs:

 Output:
• The similarity metric 𝑊𝑊

 Main idea:

𝐼𝐼𝑠𝑠
𝑝𝑝 = { 𝑥𝑥𝑖𝑖𝑝𝑝, 𝑥𝑥𝑗𝑗𝑝𝑝 :𝑦𝑦𝑖𝑖𝑖𝑖

𝑝𝑝 = 1} and 𝐼𝐼𝑑𝑑
𝑝𝑝 = { 𝑥𝑥𝑖𝑖𝑝𝑝, 𝑥𝑥𝑗𝑗𝑝𝑝 :𝑦𝑦𝑖𝑖𝑖𝑖

𝑝𝑝 = −1},

Two patient samples
of party 𝑝𝑝

Denotes 𝑥𝑥𝑖𝑖𝑝𝑝 and
𝑥𝑥𝑗𝑗𝑗𝑗 are similar

Denotes 𝑥𝑥𝑖𝑖𝑝𝑝 and 𝑥𝑥𝑗𝑗𝑗𝑗
are not similar

𝑾𝑾

…

① ② ① ①② ②

{𝐼𝐼𝑠𝑠1, 𝐼𝐼𝑑𝑑1}

Site 1

{𝐼𝐼𝑠𝑠2, 𝐼𝐼𝑑𝑑2} {𝐼𝐼𝑠𝑠𝑃𝑃, 𝐼𝐼𝑑𝑑𝑃𝑃}
Site 2 Site 𝑷𝑷

The learner

Each party 𝒑𝒑 learns
local parameters
based on 𝑰𝑰𝒔𝒔

𝒑𝒑 and 𝑰𝑰𝒅𝒅
𝒑𝒑

The learner combines
local parameters and
derives 𝑾𝑾

①

②



Metric Learning from Probabilistic Labels
(KDD 2018)

Probabilistic Labels
 An implicit assumption in traditional metric learning setting is that 

the associated labels of the data instances are deterministic.
 In many real-world applications, the associated labels come 

naturally with probabilities instead of deterministic values.
 Instance-wise probabilistic label (Figure (b)).
Group-wise probabilistic label (Figure (c)).

Figure: The datasets with different label information. (a) Deterministic labels. (b) Instance-
wise probabilistic labels. (c) Group-wise probabilistic labels. 11



Metric Learning from Probabilistic Labels

Instance-level metric learning
method (InML)
 Step 1: Construct the relative 

constraints via ranking the 
instance-wise probabilistic labels;

 Step 2: Design an optimization 
function to enforce the constructed 
relative constraints.

Group-level metric learning
method (GrML)
 Step 1: model the unknown 

pairwise similarity labels as latent 
variables (whether two instances 
are similar or not );

 Step 2: propose a maximum 
likelihood framework which jointly 
optimizes over the unknown 
similarity labels and the distance 
metric.

InML Cosine Euc GMML ITML LMNN Low-
Rank R2ML

50 0.653 0.500 0.530 0.551 0.329 0.647 0.534 0.563

100 0.676 0.551 0.568 0.571 0.354 0.653 0.566 0.571

Table: The accuracy of InML on Breast cancer dataset 
when the training dataset sizes are 50 and 100

Figure: Relative accuracy of GrML w.r.t. the size of 
training dataset. The relative accuracy is defined as the 
accuracy of GrML relative to the accuracy that can be 
achieved by the traditional methods which have full
access to the deterministic labels, e.g. LMNN. 12



Multi-task Patient Similarity Learning

How to capture the temporal progression of patient health condition

Challenges
 Patient health condition is changing slowly over time. Current 

methods ignore temporal relatedness among time points.
 Disease labels are ordinal: different severity levels. 

Method
 Multi-task metric learning: each task is learning at one time point. 

Make use of the temporal relatedness among tasks to improve 
generalization performance

𝑑𝑑𝒕𝒕 = 𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗
𝑇𝑇(𝑊𝑊0 + 𝑊𝑊𝑡𝑡)(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)

𝑊𝑊0: shared metric, 𝑊𝑊𝑡𝑡: task-specific metric
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Presenter
Presentation Notes
Motivation
Patients’ health condition is changing with the progression of diseases 
Relying purely on current diagnosis results may underestimate important early signs/symptoms
Investigating patients’ future condition will help to identify high-risk potential patients in the early stage
Multi-task learning Improves the generalization performance for both diagnosis (current) and prognosis (prediction for future time).




General Framework

 Multi-task learning on progression modeling
 identify patient similarity on multiple future time points 



Multi-task Metric Learning

Conventional framework
 Distance function

 Objective function

Not suitable for high dimensional noisy data
 cannot learn a low-rank metric 
 not able to remove the noisy and irrelevant information 

of the input features
 not able to constraint on the similarity degree 

information



Proposed Model

Distance Constraint Construction
 consider a triplet of samples (𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 , 𝑥𝑥𝑘𝑘), and corresponding 

labels (c𝑖𝑖 , 𝑐𝑐𝑗𝑗 , 𝑐𝑐𝑘𝑘)
 𝑐𝑐𝑖𝑖 = 𝑐𝑐𝑗𝑗 ≠ 𝑐𝑐𝑘𝑘: 𝑥𝑥𝑖𝑖 has the same label as 𝑥𝑥𝑗𝑗, and different with 𝑥𝑥𝑘𝑘.
 𝑐𝑐𝑖𝑖 > 𝑐𝑐𝑗𝑗 > 𝑐𝑐𝑘𝑘 or 𝑐𝑐𝑖𝑖 < 𝑐𝑐𝑗𝑗 < 𝑐𝑐𝑘𝑘: the severity label of 𝑥𝑥𝑖𝑖 is closer to 
𝑥𝑥𝑗𝑗 than to 𝑥𝑥𝑘𝑘

 𝑑𝑑2 𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 ≤ 𝑑𝑑2 𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑘𝑘 − 𝑔𝑔

Learning framework

where,

triplet constraint feature selection



Experiments: Setup

Datasets
• Alzheimer’s Disease Neuroimaging Initiative 

(ADNI) 
• The study of osteoporotic fracture (SOF) 

Baselines
• Single-task (ST) learning methods
• Multi-task (MT) learning methods



Experiments: Results

 Mean square error of KNN classification results on two datasets



Experiments: analysis

 Comparison of reduced models
• mtTSML-s: w/o feature selection regularizer
• mtTSML-t: w/o 𝑐𝑐𝑖𝑖 > 𝑐𝑐𝑗𝑗 > 𝑐𝑐𝑘𝑘 and 𝑐𝑐𝑖𝑖 < 𝑐𝑐𝑗𝑗 < 𝑐𝑐𝑘𝑘 constraints

 Smaller MSE values, better results
• Sparse feature selection and label similarity constraints are both 

beneficial to model performance

SOF datasetANDI dataset



Deep Metric Learning

Deep metric learning
 Deep metric learning aims to learn a distance 

function 𝐷𝐷 𝑓𝑓 𝑥𝑥𝑖𝑖;𝜃𝜃 , 𝑓𝑓 𝑥𝑥𝑗𝑗; 𝜃𝜃 through training 
a deep neural network such that the similarity 
between any two instances 𝑥𝑥𝑖𝑖 and 𝑥𝑥𝑗𝑗 can be 
effectively computed.

Advantages

Methods Size of dataset Projection

Traditional Metric 
Learning Small Linear

Deep Metric 
Learning Large Nonlinear

Figure: Deep metric learning model
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Longitudinal EHR Data

 EHR data: longitudinal, sparse and high dimensional

 How to measure the similarity among patients?
• Representation learning: reduce feature dimension; capture 

sequential visit information; identify informative features
• Similarity learning: ensure patients from the same cohort have 

smaller distances than patients from different cohorts

observed codes

Fig. The data format of one patient

Disease diagnosis

𝑡𝑡

Presenter
Presentation Notes
Learning patient similarity from longitudinal EHR is not trivial. Existing similarity learning methods cannot be directly applied.



Learning Patient Representations: CNN

 Embedding Layer
• Reduce feature dimensions and learn code relationships.

 One-side Convolution
• Capture the sequential relations over adjacent visits.
• Extract effective patterns.

 Max-pooling
• Capture the most important information for each feature map.

vi
si

ts

codes

Presenter
Presentation Notes
Let’s look at the basic operation of CNN on EHR. First, patient raw EHR which is the one-hot representation pass through an embedding layer, which is a fully connected NN, to reduce… Then one-side convolution operations are applied to capture… Here the convolution is only through time dimension, since positions of medical codes have no spatial/temporal meaning. Here we use filters of multiple sizes, and get a set of feature maps. A max pooling is applied over the feature maps and get a max value. The outputs from all the filters are concatenated to form a vector representation. �� ��



Deep Metric Learning for EHR
 How to measure patient similarity on longitudinal EHR?
 An end-to-end similarity learning framework

 CNN makes use of sequential 
structure and learns local important 
information.

 Triplet loss ensures margin between 
positive pair and negative pair。

 Baselines: not able to deal with large 
data; cannot extract important features

Fig: Macro-averaging of KNN classified results for 
diabetes, obesity and COPD.

𝑓𝑓(𝑥𝑥𝑗𝑗)𝑣𝑣1:250, 724
𝑣𝑣2:300,724,789
𝑣𝑣3:780 …

𝑥𝑥𝑗𝑗

Similarity LearningRepresentation Learning

CNN

CNN

𝑥𝑥𝑖𝑖
𝑣𝑣1:401,112
𝑣𝑣2:787,724,250
𝑣𝑣3:250 …

𝑥𝑥𝑘𝑘
𝑣𝑣1:530,44
𝑣𝑣2:138,648
𝑣𝑣3:305,235 …

CNN

𝑓𝑓(𝑥𝑥𝑖𝑖)

𝐷𝐷𝑖𝑖𝑖𝑖+ = 𝑓𝑓 𝑥𝑥𝑖𝑖 − 𝑓𝑓 𝑥𝑥𝑗𝑗 2
2

𝐷𝐷𝑖𝑖𝑖𝑖− = 𝑓𝑓 𝑥𝑥𝑖𝑖 − 𝑓𝑓 𝑥𝑥𝑘𝑘 2
2

𝑔𝑔: fixed margin
⋅ +: max(⋅, 0)

𝑓𝑓(𝑥𝑥𝑘𝑘)

Triplet loss: 𝐷𝐷𝑖𝑖𝑖𝑖+ + 𝑔𝑔 − 𝐷𝐷𝑖𝑖𝑖𝑖− +
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Toward Smart Health

 Paradigm Shift: From Reactive and hospital-centered to 
preventive, proactive, evidence-based, person-centered and 
focused on well-being rather than disease. 

 From prediction to prescription: personalized prescription, 
recommendations, and control for medications, behavior, 
and other interventions.

 Ultimate goal: Toward precision medicine and optimize health.
 Metric learning is a basic but important step toward success of 

personalized medicine.
 Future work will focus on 

more sophisticated non-linear 
models on large data sets.
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