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Overview

• Background

• Techniques & examples

• Practical considerations for precision medicine

• Concluding thoughts
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Identifying “Types” of patients

• What they look like at a point in time (Phenotype)
• Readily observable (this is a moving target)

• Similarity in their disease evolution (Dynotype)
• This is a new concept

• Similarity in disease mechanisms (Physiotype - Endotype)
• Presumably this is the actionable part

• Similarity in “genetic” make-up (Genotype)

?
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What’s the right way to slice a pizza?
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K-means clustering

Variants

• K-medians, K-medoids (more robust to outliers)

K-means animation

Credits: Karanveer Mohan (Stanford)

http://stanford.edu/class/ee103/visualizations/kmeans/kmeans.html
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K-means clustering

Pros

• Fast

• Intuitive

• Easy to implement

Cons

• Unstable (local solutions)

• Metric dependent

• Vulnerable to weird geometries 
and outliers

• No clear way to optimize the 
number of clusters

Variants

• K-medians, K-medoids (more robust to outliers)
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Latent class analysis

• The number of clusters (classes) is deemed 
unobserved, thus latent

• Compares partitions obtained using different 
number of clusters using an optimality criterion: 
typically the Bayes Information Criterion (BIC)
• BIC balances fit to data while penalizing for the 

number of parameters

• Lowest BIC better

Visualization: Gaussian mixture by EM

https://cdn-images-1.medium.com/max/1200/1*OyXgise21a23D5JCss8Tlg.gif
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Latent class analysis

• Static data

• Dynamic data
• “Trajectory analysis”

• Latent class mixed modeling (LCMM)

𝑓 𝑥,𝜃 =

𝑖=1

𝑘

𝜋𝑖𝑓𝑖 𝑥, 𝜃𝑖
Total N (Mortality) IL6 Class 1 IL6 Class 2 IL6 Class 3 IL6 Class 4 Total

IL10 Class 1 260 (28.39%) 155 (25.19%) 2 (0%) 1 (0%) 418 (27.01%)

IL10 Class 2 39 (17.65%) 76 (25.35%) 13 (11.11%) 0 (NA) 128 (21.93%)

IL10 Class 3 12 (36.36%) 37 (42.86%) 2 (50%) 7 (100%) 58 (48.15%)

IL10 Class 4 1 (0%) 14 (38.46%) 15 (38.46%) 4 (75%) 34 (41.94%)

Total 312 (27.30%) 282 (28.34%) 32 (26.92%) 12 (81.82%) 638 (28.80%)
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Latent class analysis

Pros

• “Natural” way of optimizing 
number of clusters, does not 
mean it is correct.

• Static and trajectory data

• No need for a distance definition 
(implicit)

• Multiple class assignment is 
possible

Cons

• Does not mean this “natural” 
way is in fact clinically sensical

• Does assume an underlying 
probability model
• e.g. Gaussian mixture models

• But this is typically unknown  
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Hierarchical clustering – agglomerative

• Compute the distance between all pairs of “patients” 

• Identify the two closest patients, join them -> the first 
cluster

• Assign the average values of these two patients as the 
values for this cluster

• Repeat until there is only one cluster

Visualization: hierarchical clustering

https://cdn-images-1.medium.com/max/1200/1*ET8kCcPpr893vNZFs8j4xg.gif
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Experimental Data

Protocol-Based Care for Early Septic Shock (ProCESS) trial

• Multi-center, randomized trial for early goal directed therapy

• Enrolled 1341 patients with sepsis
• 16.3% 14-day mortality
• 52% patients with multi-organ failure (SOFA ≥2) at trial-enrollment

• cytokines, vital signs, and other blood sample biomarkers measured at various hours 
post trial-enrollment

Angus et al. NEJM 2014 
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Hierarchical clustering

Pros

• Highly flexible

• Easier to interface with clinical 
intuition

• Maybe more amenable to 
“semi-supervised” methods
• Weighing and scaling  

Cons

• Too flexible

• Distance dependent

• Difficult to validate (consistency)

• When to stop
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Density based-clustering

• Fundamentally different approach: locates regions of high density 
that are separated from one another by regions of low density 
(neighborhood size, minimal number of points in a neighborhood)

• Several algorithms, DBSCAN (Density-Based Spatial Clustering of 
Applications with Noise ) leads the pack 

Visualization: density-based clustering

https://www.naftaliharris.com/blog/visualizing-dbscan-clustering/
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Density-Based Clustering

Pros

• No need to decide how many 
clusters (at least directly – the 
hyperparameters do)

• Can accommodate weirder 
geometries

• Robust to noise

Cons

• Choosing the hyperparameters 
can be quite tricky
• Does require a “distance”

• Sensitive to sampling and 
varying densities

• May lead to considerable within-
cluster heterogeneity (may not 
make “clinical sense”)

• Some points may remain 
unassigned
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Self-organizing maps (SOMs)

• Artificial neural network based

• Low dimensional representation of the data
• PCA maps, multidimensional scaling 

• Require some distance definition

• No clear advantages for the type of work we wish to do
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Consensus clustering
• Build some robustness in the clustering process

• Internal validation procedure

• Determine an optimal number of clusters

• Wrapper over your clustering algorithm of choice

• Based on subsampling

• Procedure
• Select a range of cluster numbers (e.g. k=2 to 20)

• For each k, subsample & cluster the population a large number of times

• Count how often, across those repetitions, two “patients” cluster together [0,1]

• Select “cleanest” consensus matrix
Monti et al. Machine Learning 2003:52,91-118
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Consensus matrices
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Cluster number optimality
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Predictive enrichment in sepsis
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Consensus clustering

Pros

• Intuitive

• Addresses the validation, 
robustness issue

• Elegant approach to determining 
cluster number

• Flexible
• Not tied to a clustering algorithm

• Features can be weighed

Cons

• Not a clustering method per se

• Results remain - potentially -highly 
dependent on methodology
• Distance metric, linkage schedule

• Still requires clinical input
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“Supervised clustering”

• To which pre-determined (labeled) cluster do I assign a new case ?
• Classification

• Can prior knowledge be imparted to the process ?
• Semi-supervised clustering

• Are all domains of data the same?
• Yes, for genes

• Probably not, for multiresolution data (labs, organ failure, cytokine)

• If not, how does one weigh variables? (“relevant “ heuristic)
• Actionable or not

• Clinical intuition

• Contribution to Outcomes (is this cheating?)
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“Distance” in high dimensional spaces - Lf

Low f, better contrast
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Reducing problem dimensionality

• Continuous variables of interest, 
standardized

• Variables with high coefficient of 
variation

• Variables of clinical interest

• What to do with binary variables ?
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The time translation problem

• Patients are seen at different point 
in time – this may somewhat less of 
a problem for ARDS (vs. sepsis)

• What assures us that different 
profiles are not mere time 
translations of each other? 

• Does it matter?



28

Some thoughts - I

• The clustering exercise should include readily (and early) observable 
features

• Such features must display patient-to-patient heterogeneity across 
the syndrome

• Ideally, at least a subset of the features should provide mechanistic 
insight 

• Ideally, a subset of the features should present therapeutic targets, 
allowing assessment of treatment response
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Some thoughts - 2

• Consider dynamics endotypes only

• Investigate how phenotypes map to endotypes
• Retrospective datasets

• Consider intermediate outcomes/treatments be included in cluster 
definitions

• Assess clinical/physiology face validity of clusters – this is the “semi-
supervised” part
• This is primarily not a data exercise

• Prepare for an iterative process
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The time 0 problem

Model cytokine trajectories as a mass-spring-damper response

Mass m

Damping 
coeff.
b

Spring const. 
k

v
Spring response

Elevation/Bump in road
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Physical Analog of Inflammatory Response

Cytokine Response

Pathogenic Insult/
Inflammatory Challenge

Mass m v

Pathogen

Inflammation:
Cytokine 
Response

• Oscillatory

• Critically damped

• Overdamped
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Normalize trajectories at 72 hours

• Simplification taking care of the gain problem, eliminating an 
important degree of freedom
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Summary

• Constructive approach to the time 0 problem

• Clustering (LCA) done in parameter (not data) space

• Not a mechanistic model
• Not immediately actionable

• Not directly scalable to large number of markers
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14D Mortality: 12.1%
14D MOF: 
57.8%

14D Mortality: 14.3%
14D MOF: 
47.1%

14D Mortality: 7.1%
14D MOF: 
31.4%

Time [hr], relative to estimated Sepsis Onset

Classification Results: 5 Endotypes


