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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

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

e Could help to retrieve similar reference cases for predicting the
clinical outcome of interest



Patient Similarity

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

Similar or not?
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B Learn a similarity function Needs to be learned
s(xi ,x]-) = x{Mx]-,
which can measure the similarity between any two patient
samples x; and x;

Bl 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



Metric Learning

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

triangles).
B Distance metric learning has been studied by many works which address

different metric learning problems

o Sparse feature selection
e Multi-class metric learning

* Deep metric learning



Metrics Learned Used in Many Applications

Needs for similarity measures
B Classifications: k-nearest neighbors, support vector machines ...

B Clustering: k-means and its variants.
B Data visualization in high dimensions.
B Zero-short learning

B Person re-identification

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



Challenges

B 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

B It is essential to remove irrelevant and redundant
Information when conducting patient similarity learning

B 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

Metric learning for patient similarity measure

B 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
B Existing works mainly focus on sparse feature selection, and they
Ignore the correlations among the selected features.
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Figure : Feature correlations on Colon Cancer dataset and Parkinson’s disease dataset.
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B Patient data may be distributed across different sites.




Uncorrelated Patient Similarity Learning (UnPSL)

M Step 1: Formulate the
Table 1 : The average feature correlation over

Simi Ia“t)_/ Ieaml_ng PrOblem Parkinson disease dataset under three different
as a maximum likelihood situations: (1) the original dataset, (2) only

estimation problem considering sparsity; (3) considering both
' sparsity and correlation

Bl Step 2: Introduce two
- - Original : S it
regularization terms, mtaer | Sparsity [ DAY
controlling sparse feature
; 0.502 0.412 0.337
selection and uncorrelated

_fea:tu re SeIeCtI_On' o ] Table 2 : Performance comparison on Parkinson
Distributed patient similarity disease dataset.

B Decompose UnPSL such

that the mEtI’IC Can be Accuracy  0.822 0.643 0.775 0.744 0.793 0.815 0.797
Iea‘rned WIthOUt dlreCtIy F2-score 0.880 0.759 0.798 0.856 0.843 0.866 0.719
accessing the raw data at

each site. ;




Distributed Patient Similarity Learning

H Input:
e A ssetof parties (i.e., sites) P = {1,2,3, ..., P}
e Each party p has two sets of sample pairs:

IV = {(xl-p,xjp):yg. = 1} and Ig = {(xl-p,xjp):yg- = —1},

Two patient samples Denotes x;;, and Denotes x;,, and x;,,
of party p Xjp are similar are not similar
] ;
OUtpUt S _ The learner
e The similarity metric W W
B Main idea: 1
O [ @ |@
Each party p learns The learner combines
local parameters - local parameters and ar, | ezl -
— S S

based on I% and I%) derives W

Site 1 Site 2




Metric Learning from Probabilistic Labels

Probabilistic Labels

B An implicit assumption in traditional metric learning setting Is that
the associated labels of the data instances are deterministic.
H 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)).
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Figure: The datasets with different label information. (a) Deterministic labels. (b) Instance-
wise probabilistic labels. (c) Group-wise probabilistic labels. 1



Metric Learning from Probabilistic Labels

Instance-level metric learning
method (InML) Table: The accuracy of InML on Breast cancer dataset

B Step 1: Construct the relative when the training dataset sizes are 50 and 100

constraints via ranking the _ e
. . R . InML Cosine Euc GMML ITML LMNN Rank R2ML
Instance-wise probabilistic labels;

B Step 2: Design an optimization 50 0653 0500 0530 0551 0329 0647 0534 0563
function to enforce the constructed
relative constraints.

Group-level metric learning

100  0.676 0.551 0.568 0.571 0.354 0.653 0.566 0.571

0,95 — T T T T T T T 0,90
method (GrML) oo
M Step 1: model the unknown " e
pairwise similarity labels as latent ;.| Ec G- 10
. . = (?o:sine E 0.78 1
variables (whether two instances Z 79 e 2, s
are similar or not ); 075l M t. = Y P . S
. 8 16 24 32 40 48 56 64 8 16 24 32 40 48 56 64
. The size of training dataset The size of training dataset
M Step 2: propose a maximum (@) Diabraten et (by o e o

likelihood framework which jointly _ _ _
Figure: Relative accuracy of GrML w.r.t. the size of

O.ptl.mlz.es over the unknovyn training dataset. The relative accuracy is defined as the

S'm”_a“ty labels and the distance accuracy of GrML relative to the accuracy that can be

metric. achieved by the traditional methods which have full
access to the deterministic labels, e.g. LMNN. 1



Multi-task Patient Similarity Learning

How to capture the temporal progression of patient health condition

Challenges

B Patient health condition is changing slowly over time. Current
methods ignore temporal relatedness among time points.

M Disease labels are ordinal: different severity levels.

Method

B Multi-task metric learning: each task is learning at one time point.
Make use of the temporal relatedness among tasks to improve
generalization performance

T
de = (x; — %) Wy + W) (x; — x))
Wy : shared metric, W;: task-specific metric
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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

Input Data Model
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ig. 1: The training process of the proposed method on measuring patient similarity progression. We use the combination
[ a common distance [, and task-specific ones Dy, Ds, ..., Dy to represent the desired distances, and then formulate the
onstraint function based on the distances. Ry, Ry, ..., R are the sparse regularization terms.



Multi-task Metric Learning

> Conventional framework
= Distance function
di (xi,%;) = (x; — x;) " (Mo + My)(x; — x;),

= Objective function

T
M Hlll}vI E(M{), Mt) — 'ngeg(Mo) - Z "/tRCg(Mt)
Osevey T t—1

» 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 (x;, x;, x), and corresponding
labels (c;, ¢, ck)

" ¢; = ¢j # i x; has the same label as x;, and different with x,.

" ;> ¢ > ¢ 0r¢; < ¢ < cy:the severity label of x; Is closer to
x; than to x;

- dz(xl-,xj) < d*(x;,x,) — g
» Learning framework
tri;ﬁolet constraint feature_selection

miri F= [ﬁt(Lo,Lt) AL 21 ]+ 70l Lol %

where,
Li() = ﬁ Y [di(xi,xg) — df(xi,xe) + g+
(?’ajak)ERf



Experiments: Setup

Hl Datasets
o Alzheimer’s Disease Neuroimaging Initiative
(ADNI)
* The study of osteoporotic fracture (SOF)

TABLE 1: Statistics of the ADNI and SOF datasets.

# of samples
Dataset Taskl Task2 Task3 Task4  Task5 # of features
ADNI 732 693 615 425 105 364
SOF 539 544 542 230 540 200
B Baselines

o Single-task (ST) learning methods
o Multi-task (MT) learning methods



Experiments: Results

B Mean square error of KNN classification results on two datasets
TABLE II: Performance comparison on the ADNI dataset in terms of MSE.

ADNI (20% as training data) ADNI (40% as training data)
Task1 Task2 Task3 Task4 Task5 Avg Task1 Task2 Task3 Task4 Task5 Avg
Euclidean | 0.3795 04938 0.6369 0.6912 0.8583 | 0.6119 0.3617 0.4828 05818 0.6367 0.6470 | 0.5420

Cosine 0.3654 0.5022 0.6508 0.6632  0.8052 | 0.5974 0.3443 04611 0.6017 0.6436  0.6134 | 0.5328
GMML 0.2392  0.3616 05858 04376 04121 | 0.4072 0.2503 04221 05112 0.5450  0.3998 | 0.4257
SCML 0.2096 03894 04481 0.5681 0.5147 | 0.4260 0.1995 03615 03864 04126 0.5217 | 0.3763
ST LowRank 0.1699 0.2636  0.3104 0.4003  0.7528 | 0.3794 0.2027 03302 03646 0.3895  0.2568 | 0.3088
ITML 0.1271  0.2227 03108 0.3481 0.3509 | 0.2719 0.1180  0.2290 0.2929 03615 0.3294 | 0.2662
LMNN 0.1818  0.3257 03673 04471 0.5246 | 0.3693 0.1333 03128 03797 04516 0.4037 | 0.3362

TSML* 0.0957 0.2057 02687 0.3274 0.4469 | 0.2689 0.1098  0.1892  0.2300 0.2830 0.3513 | 0.2327
mtSCML 0.2301 03053 03798 0.4981 0.5147 | 0.3850 0.1913  0.2799 03117 0.3592 0.3478 | 0.2980
mtLMNN | 0.2137 0.2681 0.3270 0.3972  0.3425 | 0.3097 0.1470 0.2358 0.2935 0.3247 0.2560 | 0.2514
MT | CP-mtML | 0.1317 02075 0.3823  0.3637 0.3336 | 0.2838 0.1098  0.2092 0.2965 0.3656  0.3234 | 0.2609
mtMLCS 0.1777 02500 02800 0.3917  0.3734 | 0.2946 0.1355 0.2325 0.2379 0.3410 0.3237 | 0.2541
mtTSML* | 0.1011  0.2018 0.2367 0.2976 0.2536 | 0.2182 0.0962 0.1766 0.2170  0.2652  0.2093 | 0.1929

TABLE III: Performance comparison on the SOF dataset in terms of MSE.

SOF (20% as training data) SOF (40% as training data)
Task1 Task2 Task3 Task4 Task5 Avg Task1 Task2 Task3 Task4 Task5 Avg
Euclidean | 0.5951 0.6154 0.6409 0.8671 0.8031 | 0.7043 0.5417  0.5576  0.5207 0.6067  0.7256 | 0.5905

Cosine 0.5552  0.5262 0.5666 0.8392 0.7600 | 0.6494 0.5691 0.5664 0.5786 0.5926 0.7392 | 0.6092
GMML 0.4417 04369 0.4737 04685 0.5138 | 0.4669 0.4398 0.4424 04332 0.5730 0.5023 | 0.4782
SCML 0.3558 0.4185 0.3560 0.5315 0.4677 | 0.4259 0.3333  0.3410 0.3628 0.6279  0.5000 | 0.4330
ST LowRank | 0.4847 04954 04892 0.5455 0.5846 | 0.5199 04352 04286 0.4240 0.6629 0.5116 | 0.4925
ITML 04417 04185 0.5232 04825 0.5446 | 0.4821 04306 04147 04747 05281  0.6279 | 0.4952
LMNN 0.3834 04369 04582 0.6503 0.7108 | 0.5279 0.3796  0.3318 03963 0.5506 0.4884 | 0.4293
TSML 0.3282 03631 04180 0.4615 04462 | 0.4034 0.3287  0.3180 0.3410  0.3708 0.4558 | 0.3629

mtSCML 0.3037 0.3846 0.3467 0.5245 04185 | 0.3944 0.2824  0.3226 03721  0.5814  0.4393 | 0.3995
mtLMNN | 0.3804 03938 04334 0.5245 0.5108 | 0.4486 0.3426  0.3410 0.4055 04270 04698 | 0.3972
MT | CP-mtML | 0.3589 0.3538 0.3994 0.4895 0.4554 | 0.4114 0.3056 0.3456  0.3548  0.4270  0.4465 | 0.3759
mtMLCS 0.3776 04055 04022 0.4814 0.5196 | 0.4372 0.3102 0.3088 0.3502 0.3933  0.4651 | 0.3655
mtTSML 0.3067 0.3415 0.3407 0.3497 0.4062 | 0.3490 0.2824 0.2811 0.3410 0.3820  0.4279 | 0.3429




Experiments: analysis

B Comparison of reduced models
« MtTSML-s: w/o feature selection regularizer
« MTSML-t:w/o¢c; > ¢; > ¢ and ¢; < ¢j < ¢ constraints

0.35

B (TSML-s 0.45" EEMmtTSML-s
B tTSML-t B tTSML-t
03r B it TSML 1 B tTSML
0.25+ | 04
L
7] &
= 02t =
0.35¢
0.15¢
0.1
0.3
Task1 Task2 Task3 Task4 Task5 Avg Task1 Task2 Task3 Task4 Taskd Avg
ANDI dataset SOF dataset

B Smaller MSE values, better results
o Sparse feature selection and label similarity constraints are both
beneficial to model performance



Deep Metric Learning

Deep metric learning | Similrornot | 3k
\
. . . . [
B Deep metric learning aims to learn a distance T N /,'
function D (f(xl-; 0), f (x;; 9)) through training [D(x.-.xj) = |l ) - fx 00 }
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Figure: Deep metric learning model
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Longitudinal EHR Data

B EHR data: longitudinal, sparse and high dimensional

Fig. The data format of one patient

Lumbosacral neuritis NOS(724.4) |----e--------8 B L TE LT . : : :
Anxiety state NOS(300.00) |- @ @i e
Spinal stenosis NOS(724.00) -5 O b e
Nausea alone(TBT.02) f -t e
Abnormal weight gain{783.1) f-- &b d e
Malaise and fatigue NEC(7B0.79) |- -l
Diaf’fhEB(TB_I'gl] - e i . . T . b I . i ] N i N b
Lumbago(724.2) |- i oom- O O O TSPt SR SUU SUUUUSTTE SR SUTURRO SO
Abdmnal pain It lwr quad(789.04)----e
Candidal vulvovaginitis(112.1) |- &
Joint effusion-pelvis(719.05) |----- : : :
DMII wo cmp Nt St UNCAEA(250.00) - e e
Hypertension NOS(401,9) [ & bbbl B P
Obesity NOS(278.00) |- g hoid b
Neuralgia/neuritis NOS{729.2) |- deerrndenndenndndbddd b b
Endocrine/nerv neo NOS(239.7) |- :
Abdmnal pain Ift up quad(789.02) - : : : : L
Flatul/eructat/gas Pain{T87.3) - i b bbb
Int hemorrhoid w/o compl(455.0) |- -

* observed codes

ICD9_CODE

Diseaseﬂiagnosis

B How to measure the similarity among patients? t
* 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


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


Learning Patient Representations: CNN

Patient EHR Patient Vector

T Embedding Matrix Feature Maps Representation
\hﬂ
2 agh
2 =
> _‘-—_ﬁ_‘-‘_‘-‘-_n——_‘
codes 1 N
|
Convolution Pooling

Bl Embedding Layer
* Reduce feature dimensions and learn code relationships.
B One-side Convolution
» Capture the sequential relations over adjacent visits.
» Extract effective patterns.
B Max-pooling
» Capture the most important information for each feature map.


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

B How to measure patient similarity on longitudinal EHR?
B An end-to-end similarity Iearnlng framework

Representation Learning Similarity Learning

|

| |
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e []+: max(-, 0) !

F_ig: Macro-av_eraging of KNN classified results for = CNN makes use of sequential
diabetes, obesity and COPD. structure and learns local important

Method Accuracy Recall Precision FI score information.
Euclidean 0.5660  0.5490  0.6199  0.5347 - :
Cosine 05981 05920 06032 05014 Irplet]oss ensures margin between
GMML 0.5877  0.5801  0.6062  0.5812 positive pair and negative pair,
ITML 0.5751 05591  0.6202  0.5476 e -
LMNN 06818 06780 06925  oesos " Baselines:notable to deal with large

CNN_triplet ~ 0.7736  0.7731  0.7740  0.7730 data; cannot extract important fgatures




Toward Smart Health

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

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

B Ultimate goal: Toward precision medicine and optimize health.

B Metric learning is a basic but important step toward success of
personalized medicine.

B Future work will focus on
more sophisticated non-linear
models on large data sets.

——. Wireless
== =a+ Biochannels

Illustration of unobtrusive physiological measurements for p-health in a home environment. As Bﬁwn in “Health
Informatics: Unobtrusive Physiological Measurement Technologies,” by Zhang et al.,p. 000.

Sensor & ¢
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