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INTEGRATIVE CLUSTERING:

• Identifying meaningful subgroups is a key task in 
statistical omics and precision medicine, e.g. 

• Clustering genes: identifying groups of genes that are 
functionally related. 

•  Clustering patients: identifying people who will respond 
similarly to treatments, or have similar disease 
progression.
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INTEGRATIVE CLUSTERING:
• Omics datasets are characteristically: 

•  High dimensional.   
•  Large p (1,000s or 10,000s of variables), small n (often) 
•  How do we decide which variables are relevant for defining 

clusters? 

•  Diverse 
•  Multiple different types of data (transcriptomic, proteomic, …)  

•  We would like to be able to share information across 
multiple different data types when identifying subgroups.
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INTEGRATIVE CLUSTERING:
• Many methods have been proposed to identify latent 

structure shared across multiple omics layers 
• iCluster 

• Shen et al. 2009 
• COCA (Cluster-of-Clusters Analysis) 

• Hoadley et al. 2014 
• MDI (Multiple Dataset Integration) 

•  Kirk et al. 2012 
• … 
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INTEGRATIVE CLUSTERING:
• Many methods have been proposed to identify latent 

structure shared across multiple omics layers 
• iCluster 

• Shen et al. 2009 
• COCA (Cluster-of-Clusters Analysis) 

• Hoadley et al. 2014 
• MDI (Multiple Dataset Integration) 

•  Kirk et al. 2012 
• … 

 But actually there can be multiple latent structures within each 
dataset: how can we find these, and identify “useful” structure?  



AD BREAK
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KLIC: KERNEL LEARNING FOR INTEGRATIVE CLUSTERING

Alessandra  
Cabassi

▸ Cabassi & Kirk (2018), Multiple kernel learning for integrative consensus clustering. 
In preparation. 

▸ https://acabassi.github.io 

https://acabassi.github.io
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TALK OUTLINE:

• Part 1: Illustrations and intuition 

• Part 2: Profile regression (semi-supervised clustering) 

• Part 3: Semi-supervised multiview clustering 

• Part 4: Examples 

• Part 5: Wrap up 





PART 1: 



PART 1: 
ILLUSTRATIONS AND INTUITION
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IDEA BEHIND SEMI-SUPERVISED CLUSTERING: 
  

IF WE SEEK A STRATIFICATION THAT IS INFORMATIVE ABOUT, SAY, SURVIVAL TIME… 

   …THEN WE SHOULD REFER TO SURVIVAL TIME DATA WHEN WE DEFINE THE STRATIFICATION.

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 1: COLOURFUL PEOPLE WEARING HATS



IDEA BEHIND SEMI-SUPERVISED CLUSTERING: 
  

IF WE SEEK A STRATIFICATION THAT IS INFORMATIVE ABOUT, SAY, SURVIVAL TIME… 

   …THEN WE SHOULD REFER TO SURVIVAL TIME DATA WHEN WE DEFINE THE STRATIFICATION.

PAUL DW KIRK - LSHTM SEMINAR



x1

x2

▸ Why we need additional information

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information
▸ First cluster on the basis of both variables 

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information
▸ First cluster on the basis of both variables 

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ First cluster on the basis of both variables 

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ First cluster on the basis of both variables 

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ First cluster on the basis of both variables 

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ First cluster on the basis of both variables 

Clustering just on the basis of x1 results in 3 clusters

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ And now  let’s do the same for the x2 variable

▸ First cluster on the basis of both variables 

Clustering just on the basis of x1 results in 3 clusters

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ And now  let’s do the same for the x2 variable

▸ First cluster on the basis of both variables 

Clustering just on the basis of x1 results in 3 clusters

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ And now  let’s do the same for the x2 variable

▸ First cluster on the basis of both variables 

Clustering just on the basis of x1 results in 3 clusters

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ And now  let’s do the same for the x2 variable

▸ First cluster on the basis of both variables 

Clustering just on 
the basis of x2 
results in 2 clusters

Clustering just on the basis of x1 results in 3 clusters

PAUL DW KIRK - LSHTM SEMINAR

ILLUSTRATION 2: CONTINUOUS DATA



x1

x2

▸ Why we need additional information

▸ Now let’s consider clustering just on the basis of the x1 variable
▸ And now  let’s do the same for the x2 variable

▸ First cluster on the basis of both variables 

Clustering just on 
the basis of x2 
results in 2 clusters

Clustering just on the basis of x1 results in 3 clusters

Depending on 
which variable we 
select, we end up 
with different 
clustering results
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▸ Should we select x1, x2, or both?

▸ Should we be targeting the 2, 3, or 6 cluster structure? 



▸ Which is the “relevant” clustering structure?
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HOW DO WE DECIDE IF A CLUSTERING 
STRUCTURE IS “RELEVANT”?

▸ Which is the “relevant” clustering structure?
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▸ Should we select x1, x2, or both?

▸ Should we be targeting the 2, 3, or 6 cluster structure? 



▸ Make use of a “response”: left-out variable(s) directly/closely 
linked to our true interest. 

▸ e.g. x1 and x2 are blood protein abundances measured on a number 
of individuals, but our true interest is in y (high/low risk) 
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▸ Make use of a “response”: left-out variable(s) directly/closely 
linked to our true interest. 

▸ e.g. x1 and x2 are blood protein abundances measured on a number 
of individuals, but our true interest is in y (high/low risk) 

HOW DO WE DECIDE IF A CLUSTERING STRUCTURE IS RELEVANT?

x1

x2

High risk

Low risk

x1 possesses a clear clustering structure… but it is irrelevant for this stratification task

x2 possesses a 
clustering 
structure that is 
relevant for this 
stratification task 
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Illustration: breast cancer dataset
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▸ This clustering defines 
clinically actionable 
subtypes.
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THIS IS THE BASIC IDEA BEHIND PROFILE REGRESSION.
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MIXTURE MODELS: INTRODUCTION AND NOTATION
We model our data using a mixture model:

p(x) =
KX

c=1

⇡c f (x |✓c). (1)

K is the number of mixture components

⇡c are the mixture proportions

f is a parametric density (such as a Gaussian)

✓c are the parameters associated with the c-th component

Di↵erent choices for the density f allow us to model di↵erent types of data

a normal distribution might be appropriate for continuous data, while
a multinomial might be appropriate for categorical data
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▸ Kirk, Huvet, Melamed, Maertens, & Bangham (2016). Retroviruses 
integrate into a shared, non-palindromic DNA motif. Nature Microbiology.
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Given observed data x1, . . . , xn, we wish to perform Bayesian
inference for the unknown parameters.

We introduce latent component allocation variables cj 2 {1, . . . ,K},
such that ci is the component responsible for observation xi .

We specify the complete model as follows:

xi |ci ,✓ ⇠ F (✓ci ),

ci |⇡ ⇠ Categorical(⇡1, . . . ,⇡K ),

⇡1, . . . ,⇡K ⇠ Dirichlet(↵/K , . . . ,↵/K ), (3)

✓c ⇠ G
(0),

F is the distribution corresponding to density f

⇡ = (⇡1, . . . ,⇡K ) is the collection of K mixture proportions
↵ is a mass/concentration parameter (which may also be inferred)
G

(0) is the prior for the component parameters
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Components versus clusters

A realisation of the collection of component allocation variables,
(c1, . . . , cn), defines a clustering of the data

If ci = cj , then xi and xj are clustered together

Each cj is a member of the set {1, . . . ,K}, so K places an upper
bound on the number of clusters

The Dirichlet process mixture model may be derived by considering
the limit K ! 1

CLUSTERING THE DATA

PAUL DW KIRK - LSHTM SEMINAR
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p(v) c(v)i q (v)
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yi

wi b

f k

q 0

p ci

g j q k

i = 1, . . . ,n

i = 1, . . . ,n

k = 1, . . . ,•

k = 1, . . . ,•

j = 1, . . . ,Jk = 2, . . . ,K
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Given observed data x1, . . . , xn, we wish to perform Bayesian
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F is the distribution corresponding to density f

⇡ = (⇡1, . . . ,⇡K ) is the collection of K mixture proportions
↵ is a mass/concentration parameter (which may also be inferred)
G

(0) is the prior for the component parameters

▸ We then just have to sample the component allocations 

▸ (can also do inference for precision parameter,   )

▸ For details of how to perform inference for DP mixtures, see:  
▸ Neal, R. (2000). Markov Chain Sampling Methods for Dirichlet Process Mixture 

Models. Journal of Computational and Graphical Statistics, 9(2), 249–265.



AD BREAK
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SUGSVARSEL: FAST APPROXIMATE INFERENCE FOR BAYESIAN 
CLUSTERING, WITH VARIABLE SELECTION

Oliver Crook

▸ Crook, Gatto & Kirk (2018), Fast approximate inference for variable selection in 
Dirichlet process mixtures, with an application to pan-cancer proteomics. 

▸ https://github.com/ococrook/sugsvarsel  

▸ See also: Crook, Mulvey, Kirk, Lilley & Gatto (2018).  A Bayesian Mixture Modelling 
Approach For Spatial Proteomics. bioRxiv.org. (Accepted, PLOS Comput. Biol.) 

https://github.com/ococrook/sugsvarsel
http://bioRxiv.org
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Recall the basic mixture model:

p(x) =
KX

c=1

⇡c fx(x|✓c).

We now suppose we have a response, y , associated with every
individual.

This could be case/control status, survival information, . . . ,...

In the simplest case, we just treat y like an extra covariate (or set of
covariates), so that our mixture model becomes:

p([x, y ]) =
KX

c=1

⇡c fx,y ([x, y ]|[✓c ,�c ]),

where �c denote any additional parameters required to model y .
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MIXTURE MODELS: PROFILE REGRESSION

More usually, it makes sense to factorise the likelihood:

p([x, y ]) =
KX

c=1

⇡c fy |x(y |�c , x)fx(x|✓c),

Note that fy |x(y |�c , x) can be basically any predictive model for y .

Key point: this predictive model has cluster specific parameters.

This is precisely what we want: it enables stratified predictions.
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The response yi for the i-th individual might also depend upon:

some other covariates, wi , that we are not clustering; and
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• Not all of these variables will be informative about the clustering structure
x1

x2

• We introduce binary variable relevance indicators      , such that:

•             if the j-th variable is relevant; and 

•             if the j-th variable is irrelevant

•                   if and only if         is independent of  

• We modify our likelihood function to allow us to model this
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‣ 6 equally-sized clusters  
‣ y: 1 binary response 
‣ x: 10 categorical variables (each with 3 categories) 
‣ For the k-th cluster, we have:

Clustering and integrative modelling ideas
Paul D. W. Kirk1,* and Sylvia Richardson1,†

1MRC Biostatistics Unit, Cambridge, UK
*paul.kirk@mrc-bsu.cam.ac.uk
†sylvia.richardson@mrc-bsu.cam.ac.uk

1 Simulation Study: Discrete Datasets
We initially consider the single-dataset case. We generate datasets comprising measurements on q covariates,
and one binary response variable, y. Each dataset is of size n = 300. The data fall into 6 equally-sized clusters
(although we assume that this is unknown), with each cluster possessing a specific value for pi = Pr(yi = 1); namely,
pi = 0.01,0.15,0.40,0.60,0.85, or 0.9. Letting j be the index on covariates, k the cluster (mixture component) label,
and i the index on observations, we have,

xi, j|k
iid⇠ wCategorical([p(k)

j,1 ,p
(k)
j,2 ,p

(k)
j,3 ]

>)+(1�w)Categorical(


1
3
,
1
3
,
1
3

�>
),

where
p(k)

j,1 ,p
(k)
j,2 ,p

(k)
j,3 ⇠ Dirichlet(0.01),

and w 2 [0,1].
To summarise: all of our observations fall into one of three categories. For w close to 0, we have little variation

within clusters; while for w close to 1, clusters appear very “noisy”. An illustration of a simulated dataset is provided
in Fig. 1, and the effect of varying w is shown in Fig 2.

Figure 1. Simulated dataset. In this case, s2 = 0.1 and q = 10 (where q is the number of covariates). There are 6
equally-sized clusters, with associated cluster-specific probabilities pi = Pr(yi = 1) as shown.

1

‣ Thus, w controls how separable the clusters are (w = 0 implies not separable) 
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Figure 1. Simulated dataset. In this case, s2 = 0.1 and q = 10 (where q is the number of covariates). There are 6
equally-sized clusters, with associated cluster-specific probabilities pi = Pr(yi = 1) as shown.
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Figure 1. Simulated dataset. In this case, s2 = 0.1 and q = 10 (where q is the number of covariates). There are 6
equally-sized clusters, with associated cluster-specific probabilities pi = Pr(yi = 1) as shown.

1

(a) A simulated dataset with q = 10, s2 = 0.1 (as Fig. 1). (b) A simulated dataset with q = 10, s2 = 1.

(c) MDI (no response), s2 = 0.1.
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(d) A simulated dataset with q = 10, s2 = 5.

Figure 2. Examples of different simulated datasets (all with q = 10) for different values of s2. As expected,
clusters become harder to distinguish with increasing s2.
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‣ Fit a profile regression clustering model for w = 0, 0.2, 0.4, 0.6, 0.8, 1 

‣ For each of the posterior sampled clusterings, calculate the adjusted Rand index (ARI) 
between the sampled clustering and the true clustering structure 

‣ ARI scores clustering quality, with values between 0 (bad) and 1 (good).
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‣ Fit a profile regression clustering model for w = 0, 0.2, 0.4, 0.6, 0.8, 1 

‣ For each of the posterior sampled clusterings, calculate the adjusted Rand index (ARI) 
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dashed lines indicate the distributions when the response is excluded.
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shown). In each case, solid lines denote the distributions obtained when the response is included, while the dashed
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‣ Including the response improves the clustering quality
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▸ Allows us to use a “response” to guide the clustering

PROFILE REGRESSION: SUMMARY

“ALL 4 GROUPS HAVE SIMILAR 
 AVERAGE SURVIVAL TIMES”

“HAT WEARERS SURVIVE HALF 
AS LONG, ON AVERAGE”

▸ But does this solve the “hat problem”?

▸ Not necessarily!  

▸ If we have competing clustering structures in the data, will the right 
one “win”?

▸ Variable selection removes variables that do not contribute to the 
clustering structure
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‣ 1 binary response, 10 categorical variables (as before) 

‣ M of these possess a “relevant” clustering structure, 10 - M possess an irrelevant structure 

‣ We consider 

‣ Fitting a profile regression model to the full dataset (solid line) 

‣ Fitting a profile regression model with variable selection to the full dataset (dashed line) 

‣ Fitting a profile regression model using  just the relevant variables (dotted line)
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‣ 1 binary response, 10 categorical variables (as before) 

‣ M of these possess a “relevant” clustering structure, 10 - M possess an irrelevant structure 

‣ We consider 

‣ Fitting a profile regression model to the full dataset (solid line) 

‣ Fitting a profile regression model with variable selection to the full dataset (dashed line) 

‣ Fitting a profile regression model using  just the relevant variables (dotted line)

the data – just not the relevant one). The resulting distributions are shown in Figure 3 (dashed lines), together with
the corresponding distributions from Figure 2.
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Figure 3. Distributions of Adjusted Rand index (ARI) values obtained when applying PReMiuM to datasets
possessing a mix of relevant and irrelevant covariates. Solid lines: applying PReMiuM to the full dataset. Dotted
lines: applying PReMiuM to the datasets after having removed the irrelevant covariates. Dashed lines: applying
PReMiuM to the full dataset, and using one of PReMiuM’s feature selection options.

Figure 3 shows that PReMiuM’s feature selection picks out the features that contribute to the “strongest”
clustering structure, regardless of whether this is the relevant or irrelevant structure. For 9 (out of 10) relevant
covariates, the feature selection makes little difference, because there is so much signal in the data already. For 7
relevant covariates, PReMiuM’s feature selection provides a clear improvement, removing all the irrelevant variables
(so that the dashed and dotted lines align). In this case, the dominant clustering structure is the relevant one, so
PReMiuM’s feature selection is effective. However, for 3 relevant covariates, the situation is reversed: the dominant
clustering structure is in the irrelevant covariates, and hence PReMiuM removes the relevant covariates. As a
consequence, PReMiuM picks out the irrelevant clustering structure, which provides no information about the
response.
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‣ Variable selection picks 
out the variables that 
define the dominant 
clustering structure, not 
the most relevant one
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▸ Typically the dominant clustering structure will “win”, regardless of y 

▸ Recall the likelihood function:

▸ Typically, J is large 

▸ This means that the contribution of x to the likelihood is typically much 
greater than the contribution of y 

▸ The “guidance” provided by y gets swamped by contribution of x  

How can we overcome this?
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SEMI-SUPERVISED MULTIVIEW CLUSTERING
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• Suppose we wish to model V different views of the data

• 1 null view, and V-1 views that each possess a (distinct) clustering structure 

PAUL DW KIRK - LSHTM SEMINAR

• Introduce categorical “view membership” indicators,  

• If     = 0, the j-th variable is in the null view (no clustering structure) 

• If     = 1, the j-th variable is in the “relevant” clustering view (the clustering 
structure which is most useful for stratifying the individuals according to the 
response, y) 

• The remaining views mop up clustering structures present in the data that 
are not relevant for the present stratification task
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MIXTURE MODELS: MULTIVIEW PROFILE REGRESSION
• Within each non-null view, we model the data using a mixture model.

• Define         to be the latent component allocation variable associated with 
the i-th individual in the v-th view.

• Define         to be the parameters associated with the k-th component in the 
mixture model for the v-th view.

• Our likelihood model becomes:

…BUT IS ACTUALLY EASY TO DEAL WITH.
THIS LOOKS FAIRLY UGLY…
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MIXTURE MODELS: MULTI-VIEW PROFILE REGRESSION
CONSIDERATIONS

PAUL DW KIRK - LSHTM SEMINAR

• How to determine the number of views, V. 

• In the remainder, we fix V, and we set                      = 1/V  for all v. 

• In principle, we could instead treat the prior probabilities of view 
membership as parameters, and adopt a Dirichlet or Dirichlet process 
prior, to allow the number of views to be inferred. 

• We have explored this in the unsupervised case. 

• Can be very computationally costly. 

• Currently investigating whether or not it is important to get the “right” 
number of views, if our interest is in the relevant view only.
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• Due to the diversity of ‘omics datasets, there has been much interest in 
integrative clustering approaches, which identify common/contrasting 
clustering structures across multiple datasets

• Kirk, Griffin, Savage, Ghahramani, & Wild (2012). Bayesian correlated clustering to 
integrate multiple datasets. Bioinformatics, 28(24), 3290–3297.

• Multiview clustering is a biclustering approach in which we cluster 
variables together if they define the same stratification of patients.

• It does not matter where the variables came from (or what data type they 
are), it just matters whether or not they define the same stratification

• Thus, multiview clustering permits data integration (assuming each dataset 
provides information on a common set of patients):

• Concatenate the data matrices, and then see which variables are 
selected into the relevant view. 
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• n = 108 breast cancer tumour samples

• x : miRNA (p = 423) and protein data (p = 171),  both discretised

• y: PAM50 tumour subtype 

• We include 2 different tumour types:

• 66 Basal-like 

• 42 Luminal A

• Model 3 views: 1 relevant, 1 irrelevant, 1 null
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into relevant view 
at least 90% of the 
time



1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
PAUL DW KIRK - LSHTM SEMINAR

V474
V341
V114
V402
V189
V349
V472
V493
V471
V473
V304
V470
V116
V148
V507
V549
V532
V533
V108
V301
V218
V314
V292
V263
V322
V199
V231
V403
V495
V511
V530
V531
V424
V464
V360
V401
V412
V582
V567
V581
V590
V366
V121
V122
V87
V291
V463
V331
V408
V72
V132
V20
V113

TCGA.AN.A0FL.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.BH.A0RX.01A.21R
TCGA.A2.A04Q.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.E2.A150.01A.11R
TCGA.AR.A1AJ.01A.21R
TCGA.B6.A0WX.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.BH.A0DL.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.B6.A0RT.01A.21R
TCGA.AO.A0J6.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.A1.A0SO.01A.22R
TCGA.AO.A129.01A.21R
TCGA.B6.A0IQ.01A.11R
TCGA.B6.A0RU.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.BH.A0E0.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A2.A0CM.01A.31R
TCGA.D8.A147.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.AO.A0JL.01A.11R
TCGA.BH.A0AV.01A.31R
TCGA.AR.A0U4.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.C8.A12V.01A.11R
TCGA.C8.A12K.01A.21R
TCGA.C8.A134.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.B6.A0IJ.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AR.A0TP.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.A2.A0D2.01A.21R
TCGA.AR.A1AQ.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.A2.A0T0.01A.22R
TCGA.A8.A07O.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.AR.A1AH.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AO.A03N.01B.11R
TCGA.D8.A13Z.01A.11R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.C8.A130.01A.31R
TCGA.E2.A1B5.01A.21R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.A8.A094.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.C8.A12P.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.C8.A135.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A8.A09G.01A.21R
TCGA.A8.A09X.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.A8.A081.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.BH.A18R.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A138.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A075.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.D8.A142.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.E2.A1B0.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A8.A076.01A.21R
TCGA.B6.A0RH.01A.21R
TCGA.E2.A14P.01A.31R
TCGA.A8.A08X.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.A2.A0D1.01A.11R
TCGA.A2.A0T1.01A.21R
TCGA.C8.A12T.01A.11R
TCGA.A2.A0EQ.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AO.A03L.01A.41R
TCGA.BH.A18P.01A.11RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

Retain only 
variables selected 
into relevant view 
at least 90% of the 
time

53 variables in 
total:



1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
PAUL DW KIRK - LSHTM SEMINAR

V474
V341
V114
V402
V189
V349
V472
V493
V471
V473
V304
V470
V116
V148
V507
V549
V532
V533
V108
V301
V218
V314
V292
V263
V322
V199
V231
V403
V495
V511
V530
V531
V424
V464
V360
V401
V412
V582
V567
V581
V590
V366
V121
V122
V87
V291
V463
V331
V408
V72
V132
V20
V113

TCGA.AN.A0FL.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.BH.A0RX.01A.21R
TCGA.A2.A04Q.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.E2.A150.01A.11R
TCGA.AR.A1AJ.01A.21R
TCGA.B6.A0WX.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.BH.A0DL.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.B6.A0RT.01A.21R
TCGA.AO.A0J6.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.A1.A0SO.01A.22R
TCGA.AO.A129.01A.21R
TCGA.B6.A0IQ.01A.11R
TCGA.B6.A0RU.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.BH.A0E0.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A2.A0CM.01A.31R
TCGA.D8.A147.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.AO.A0JL.01A.11R
TCGA.BH.A0AV.01A.31R
TCGA.AR.A0U4.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.C8.A12V.01A.11R
TCGA.C8.A12K.01A.21R
TCGA.C8.A134.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.B6.A0IJ.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AR.A0TP.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.A2.A0D2.01A.21R
TCGA.AR.A1AQ.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.A2.A0T0.01A.22R
TCGA.A8.A07O.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.AR.A1AH.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AO.A03N.01B.11R
TCGA.D8.A13Z.01A.11R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.C8.A130.01A.31R
TCGA.E2.A1B5.01A.21R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.A8.A094.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.C8.A12P.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.C8.A135.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A8.A09G.01A.21R
TCGA.A8.A09X.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.A8.A081.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.BH.A18R.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A138.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A075.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.D8.A142.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.E2.A1B0.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A8.A076.01A.21R
TCGA.B6.A0RH.01A.21R
TCGA.E2.A14P.01A.31R
TCGA.A8.A08X.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.A2.A0D1.01A.11R
TCGA.A2.A0T1.01A.21R
TCGA.C8.A12T.01A.11R
TCGA.A2.A0EQ.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AO.A03L.01A.41R
TCGA.BH.A18P.01A.11RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

Retain only 
variables selected 
into relevant view 
at least 90% of the 
time

53 variables in 
total:

‣ 32 miRNA



1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
PAUL DW KIRK - LSHTM SEMINAR

V474
V341
V114
V402
V189
V349
V472
V493
V471
V473
V304
V470
V116
V148
V507
V549
V532
V533
V108
V301
V218
V314
V292
V263
V322
V199
V231
V403
V495
V511
V530
V531
V424
V464
V360
V401
V412
V582
V567
V581
V590
V366
V121
V122
V87
V291
V463
V331
V408
V72
V132
V20
V113

TCGA.AN.A0FL.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.BH.A0RX.01A.21R
TCGA.A2.A04Q.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.E2.A150.01A.11R
TCGA.AR.A1AJ.01A.21R
TCGA.B6.A0WX.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.BH.A0DL.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.B6.A0RT.01A.21R
TCGA.AO.A0J6.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.A1.A0SO.01A.22R
TCGA.AO.A129.01A.21R
TCGA.B6.A0IQ.01A.11R
TCGA.B6.A0RU.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.BH.A0E0.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A2.A0CM.01A.31R
TCGA.D8.A147.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.AO.A0JL.01A.11R
TCGA.BH.A0AV.01A.31R
TCGA.AR.A0U4.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.C8.A12V.01A.11R
TCGA.C8.A12K.01A.21R
TCGA.C8.A134.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.B6.A0IJ.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AR.A0TP.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.A2.A0D2.01A.21R
TCGA.AR.A1AQ.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.A2.A0T0.01A.22R
TCGA.A8.A07O.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.AR.A1AH.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AO.A03N.01B.11R
TCGA.D8.A13Z.01A.11R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.C8.A130.01A.31R
TCGA.E2.A1B5.01A.21R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.A8.A094.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.C8.A12P.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.C8.A135.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A8.A09G.01A.21R
TCGA.A8.A09X.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.A8.A081.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.BH.A18R.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A138.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A075.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.D8.A142.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.E2.A1B0.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A8.A076.01A.21R
TCGA.B6.A0RH.01A.21R
TCGA.E2.A14P.01A.31R
TCGA.A8.A08X.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.A2.A0D1.01A.11R
TCGA.A2.A0T1.01A.21R
TCGA.C8.A12T.01A.11R
TCGA.A2.A0EQ.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AO.A03L.01A.41R
TCGA.BH.A18P.01A.11RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

Retain only 
variables selected 
into relevant view 
at least 90% of the 
time

53 variables in 
total:

‣ 32 miRNA

‣ 21 protein



V453
V448
V455
V456
V454
V494
V492
V461
V462
V446
V479
V480
V547
V443
V440
V468
V457
V458
V452
V450
V451
V444
V445
V439
V441
V442
V435
V447
V449
V437
V465
V505
V521
V512
V523
V501
V504
V517
V508
V522
V524
V526
V519
V520
V513
V525
V528
V539
V591
V588
V594
V573
V561
V563
V568
V569
V570
V571
V564
V572
V529
V592
V553
V540
V541
V551
V584
V548
V554
V555
V538
V545
V565
V543
V536
V537

TCGA.AO.A0JL.01A.11R
TCGA.A8.A07O.01A.11R
TCGA.AR.A1AH.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.BH.A0DL.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.E2.A150.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.D8.A142.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A081.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.C8.A138.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AR.A0TP.01A.11R
TCGA.D8.A147.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A18P.01A.11R
TCGA.A8.A075.01A.11R
TCGA.A8.A094.01A.11R
TCGA.A8.A09X.01A.11R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.A2.A0T0.01A.22R
TCGA.A2.A0T1.01A.21R
TCGA.A2.A0CM.01A.31R
TCGA.AR.A1AQ.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.A8.A076.01A.21R
TCGA.AO.A03L.01A.41R
TCGA.A2.A0D1.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.B6.A0RU.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.C8.A134.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.A8.A08X.01A.21R
TCGA.A8.A09G.01A.21R
TCGA.BH.A18R.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AO.A129.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.D8.A13Z.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.AN.A0FL.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.C8.A12P.01A.11R
TCGA.E2.A14P.01A.31R
TCGA.AO.A03N.01B.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A130.01A.31R
TCGA.C8.A12K.01A.21R
TCGA.C8.A12V.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.B6.A0IQ.01A.11R
TCGA.BH.A0E0.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.AO.A0J6.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A1.A0SO.01A.22R
TCGA.A2.A0EQ.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.C8.A12T.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.C8.A135.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0RT.01A.21R
TCGA.A2.A0D2.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.BH.A0AV.01A.31R
TCGA.B6.A0WX.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.A2.A04Q.01A.21R
TCGA.BH.A0RX.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.B6.A0RH.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.AR.A0U4.01A.11R
TCGA.B6.A0IJ.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.AR.A1AJ.01A.21R
TCGA.E2.A1B0.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.E2.A1B5.01A.21RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
PAUL DW KIRK - LSHTM SEMINAR



V453
V448
V455
V456
V454
V494
V492
V461
V462
V446
V479
V480
V547
V443
V440
V468
V457
V458
V452
V450
V451
V444
V445
V439
V441
V442
V435
V447
V449
V437
V465
V505
V521
V512
V523
V501
V504
V517
V508
V522
V524
V526
V519
V520
V513
V525
V528
V539
V591
V588
V594
V573
V561
V563
V568
V569
V570
V571
V564
V572
V529
V592
V553
V540
V541
V551
V584
V548
V554
V555
V538
V545
V565
V543
V536
V537

TCGA.AO.A0JL.01A.11R
TCGA.A8.A07O.01A.11R
TCGA.AR.A1AH.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.BH.A0DL.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.E2.A150.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.D8.A142.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A081.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.C8.A138.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AR.A0TP.01A.11R
TCGA.D8.A147.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A18P.01A.11R
TCGA.A8.A075.01A.11R
TCGA.A8.A094.01A.11R
TCGA.A8.A09X.01A.11R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.A2.A0T0.01A.22R
TCGA.A2.A0T1.01A.21R
TCGA.A2.A0CM.01A.31R
TCGA.AR.A1AQ.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.A8.A076.01A.21R
TCGA.AO.A03L.01A.41R
TCGA.A2.A0D1.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.B6.A0RU.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.C8.A134.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.A8.A08X.01A.21R
TCGA.A8.A09G.01A.21R
TCGA.BH.A18R.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AO.A129.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.D8.A13Z.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.AN.A0FL.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.C8.A12P.01A.11R
TCGA.E2.A14P.01A.31R
TCGA.AO.A03N.01B.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A130.01A.31R
TCGA.C8.A12K.01A.21R
TCGA.C8.A12V.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.B6.A0IQ.01A.11R
TCGA.BH.A0E0.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.AO.A0J6.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A1.A0SO.01A.22R
TCGA.A2.A0EQ.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.C8.A12T.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.C8.A135.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0RT.01A.21R
TCGA.A2.A0D2.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.BH.A0AV.01A.31R
TCGA.B6.A0WX.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.A2.A04Q.01A.21R
TCGA.BH.A0RX.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.B6.A0RH.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.AR.A0U4.01A.11R
TCGA.B6.A0IJ.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.AR.A1AJ.01A.21R
TCGA.E2.A1B0.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.E2.A1B5.01A.21RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
PAUL DW KIRK - LSHTM SEMINAR

Retain only 
variables selected 
into irrelevant view 
at least 90% of the 
time



V453
V448
V455
V456
V454
V494
V492
V461
V462
V446
V479
V480
V547
V443
V440
V468
V457
V458
V452
V450
V451
V444
V445
V439
V441
V442
V435
V447
V449
V437
V465
V505
V521
V512
V523
V501
V504
V517
V508
V522
V524
V526
V519
V520
V513
V525
V528
V539
V591
V588
V594
V573
V561
V563
V568
V569
V570
V571
V564
V572
V529
V592
V553
V540
V541
V551
V584
V548
V554
V555
V538
V545
V565
V543
V536
V537

TCGA.AO.A0JL.01A.11R
TCGA.A8.A07O.01A.11R
TCGA.AR.A1AH.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.BH.A0DL.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.E2.A150.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.D8.A142.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A081.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.C8.A138.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AR.A0TP.01A.11R
TCGA.D8.A147.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A18P.01A.11R
TCGA.A8.A075.01A.11R
TCGA.A8.A094.01A.11R
TCGA.A8.A09X.01A.11R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.A2.A0T0.01A.22R
TCGA.A2.A0T1.01A.21R
TCGA.A2.A0CM.01A.31R
TCGA.AR.A1AQ.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.A8.A076.01A.21R
TCGA.AO.A03L.01A.41R
TCGA.A2.A0D1.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.B6.A0RU.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.C8.A134.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.A8.A08X.01A.21R
TCGA.A8.A09G.01A.21R
TCGA.BH.A18R.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AO.A129.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.D8.A13Z.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.AN.A0FL.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.C8.A12P.01A.11R
TCGA.E2.A14P.01A.31R
TCGA.AO.A03N.01B.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A130.01A.31R
TCGA.C8.A12K.01A.21R
TCGA.C8.A12V.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.B6.A0IQ.01A.11R
TCGA.BH.A0E0.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.AO.A0J6.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A1.A0SO.01A.22R
TCGA.A2.A0EQ.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.C8.A12T.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.C8.A135.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0RT.01A.21R
TCGA.A2.A0D2.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.BH.A0AV.01A.31R
TCGA.B6.A0WX.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.A2.A04Q.01A.21R
TCGA.BH.A0RX.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.B6.A0RH.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.AR.A0U4.01A.11R
TCGA.B6.A0IJ.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.AR.A1AJ.01A.21R
TCGA.E2.A1B0.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.E2.A1B5.01A.21RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
PAUL DW KIRK - LSHTM SEMINAR

Retain only 
variables selected 
into irrelevant view 
at least 90% of the 
time

76 variables in 
total:



V453
V448
V455
V456
V454
V494
V492
V461
V462
V446
V479
V480
V547
V443
V440
V468
V457
V458
V452
V450
V451
V444
V445
V439
V441
V442
V435
V447
V449
V437
V465
V505
V521
V512
V523
V501
V504
V517
V508
V522
V524
V526
V519
V520
V513
V525
V528
V539
V591
V588
V594
V573
V561
V563
V568
V569
V570
V571
V564
V572
V529
V592
V553
V540
V541
V551
V584
V548
V554
V555
V538
V545
V565
V543
V536
V537

TCGA.AO.A0JL.01A.11R
TCGA.A8.A07O.01A.11R
TCGA.AR.A1AH.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.BH.A0DL.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.E2.A150.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.D8.A142.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A081.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.C8.A138.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AR.A0TP.01A.11R
TCGA.D8.A147.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A18P.01A.11R
TCGA.A8.A075.01A.11R
TCGA.A8.A094.01A.11R
TCGA.A8.A09X.01A.11R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.A2.A0T0.01A.22R
TCGA.A2.A0T1.01A.21R
TCGA.A2.A0CM.01A.31R
TCGA.AR.A1AQ.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.A8.A076.01A.21R
TCGA.AO.A03L.01A.41R
TCGA.A2.A0D1.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.B6.A0RU.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.C8.A134.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.A8.A08X.01A.21R
TCGA.A8.A09G.01A.21R
TCGA.BH.A18R.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AO.A129.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.D8.A13Z.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.AN.A0FL.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.C8.A12P.01A.11R
TCGA.E2.A14P.01A.31R
TCGA.AO.A03N.01B.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A130.01A.31R
TCGA.C8.A12K.01A.21R
TCGA.C8.A12V.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.B6.A0IQ.01A.11R
TCGA.BH.A0E0.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.AO.A0J6.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A1.A0SO.01A.22R
TCGA.A2.A0EQ.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.C8.A12T.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.C8.A135.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0RT.01A.21R
TCGA.A2.A0D2.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.BH.A0AV.01A.31R
TCGA.B6.A0WX.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.A2.A04Q.01A.21R
TCGA.BH.A0RX.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.B6.A0RH.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.AR.A0U4.01A.11R
TCGA.B6.A0IJ.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.AR.A1AJ.01A.21R
TCGA.E2.A1B0.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.E2.A1B5.01A.21RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
PAUL DW KIRK - LSHTM SEMINAR

Retain only 
variables selected 
into irrelevant view 
at least 90% of the 
time

76 variables in 
total:

‣ 0 miRNA



V453
V448
V455
V456
V454
V494
V492
V461
V462
V446
V479
V480
V547
V443
V440
V468
V457
V458
V452
V450
V451
V444
V445
V439
V441
V442
V435
V447
V449
V437
V465
V505
V521
V512
V523
V501
V504
V517
V508
V522
V524
V526
V519
V520
V513
V525
V528
V539
V591
V588
V594
V573
V561
V563
V568
V569
V570
V571
V564
V572
V529
V592
V553
V540
V541
V551
V584
V548
V554
V555
V538
V545
V565
V543
V536
V537

TCGA.AO.A0JL.01A.11R
TCGA.A8.A07O.01A.11R
TCGA.AR.A1AH.01A.11R
TCGA.AR.A1AY.01A.21R
TCGA.BH.A0DL.01A.11R
TCGA.AR.A0U1.01A.11R
TCGA.BH.A0B3.01A.11R
TCGA.E2.A150.01A.11R
TCGA.A7.A0CE.01A.11R
TCGA.AN.A0XU.01A.11R
TCGA.A7.A0DA.01A.31R
TCGA.D8.A142.01A.11R
TCGA.A8.A07I.01A.11R
TCGA.E2.A152.01A.11R
TCGA.AN.A0FV.01A.11R
TCGA.A8.A081.01A.11R
TCGA.A8.A08J.01A.11R
TCGA.AN.A0AR.01A.11R
TCGA.C8.A138.01A.11R
TCGA.E2.A158.01A.11R
TCGA.AR.A0TP.01A.11R
TCGA.D8.A147.01A.11R
TCGA.E2.A159.01A.11R
TCGA.BH.A18P.01A.11R
TCGA.A8.A075.01A.11R
TCGA.A8.A094.01A.11R
TCGA.A8.A09X.01A.11R
TCGA.A8.A08L.01A.11R
TCGA.A2.A0T2.01A.11R
TCGA.AN.A04D.01A.21R
TCGA.A2.A0T0.01A.22R
TCGA.A2.A0T1.01A.21R
TCGA.A2.A0CM.01A.31R
TCGA.AR.A1AQ.01A.11R
TCGA.BH.A0B9.01A.11R
TCGA.AR.A0TS.01A.11R
TCGA.BH.A0BW.01A.11R
TCGA.A8.A076.01A.21R
TCGA.AO.A03L.01A.41R
TCGA.A2.A0D1.01A.11R
TCGA.A8.A07R.01A.21R
TCGA.B6.A0RU.01A.11R
TCGA.B6.A0I9.01A.11R
TCGA.C8.A134.01A.11R
TCGA.A8.A0A7.01A.11R
TCGA.A8.A08X.01A.21R
TCGA.A8.A09G.01A.21R
TCGA.BH.A18R.01A.11R
TCGA.BH.A18Q.01A.12R
TCGA.AO.A129.01A.21R
TCGA.AR.A1AI.01A.11R
TCGA.D8.A13Z.01A.11R
TCGA.AN.A0AL.01A.11R
TCGA.AN.A0FL.01A.11R
TCGA.C8.A12L.01A.11R
TCGA.A1.A0SK.01A.12R
TCGA.AN.A0FJ.01A.11R
TCGA.E2.A14Y.01A.21R
TCGA.C8.A12P.01A.11R
TCGA.E2.A14P.01A.31R
TCGA.AO.A03N.01B.11R
TCGA.C8.A12Z.01A.11R
TCGA.C8.A130.01A.31R
TCGA.C8.A12K.01A.21R
TCGA.C8.A12V.01A.11R
TCGA.AO.A12F.01A.11R
TCGA.BH.A18V.01A.11R
TCGA.B6.A0IQ.01A.11R
TCGA.BH.A0E0.01A.11R
TCGA.AO.A0J2.01A.11R
TCGA.A2.A04P.01A.31R
TCGA.AO.A0J6.01A.11R
TCGA.A2.A0SX.01A.12R
TCGA.A1.A0SO.01A.22R
TCGA.A2.A0EQ.01A.11R
TCGA.BH.A0B7.01A.12R
TCGA.A2.A0CL.01A.11R
TCGA.AO.A0JE.01A.11R
TCGA.AO.A12D.01A.11R
TCGA.E2.A14V.01A.11R
TCGA.C8.A12T.01A.11R
TCGA.C8.A131.01A.11R
TCGA.E2.A14X.01A.11R
TCGA.C8.A135.01A.11R
TCGA.B6.A0I2.01A.11R
TCGA.B6.A0RT.01A.21R
TCGA.A2.A0D2.01A.21R
TCGA.A7.A13D.01A.13R
TCGA.BH.A0AV.01A.31R
TCGA.B6.A0WX.01A.11R
TCGA.B6.A0IK.01A.12R
TCGA.A2.A04Q.01A.21R
TCGA.BH.A0RX.01A.21R
TCGA.AN.A0FX.01A.11R
TCGA.B6.A0RH.01A.21R
TCGA.AR.A0TX.01A.11R
TCGA.BH.A0EE.01A.11R
TCGA.A2.A0D0.01A.11R
TCGA.AR.A0U4.01A.11R
TCGA.B6.A0IJ.01A.11R
TCGA.A2.A0YM.01A.11R
TCGA.BH.A0E6.01A.11R
TCGA.C8.A12Q.01A.11R
TCGA.A2.A0ST.01A.12R
TCGA.AR.A1AJ.01A.21R
TCGA.E2.A1B0.01A.11R
TCGA.A8.A08H.01A.21R
TCGA.E2.A1B5.01A.21RSubtypes

Subtypes
1
2

0

0.5

1

1.5

2

1. TCGA BREAST CANCER DATA: INTEGRATING 2 DATASETS
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Retain only 
variables selected 
into irrelevant view 
at least 90% of the 
time

76 variables in 
total:

‣ 0 miRNA

‣ 76 protein
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•  In order to determine clinically actionable strata from high-dimensional 
‘omics data, we should exploit “response” information to guide 
clustering.

•  Profile regression provides one way to do this, but - for high dimensional 
data - the influence of the response can get swamped by the influence 
of the variables.

•  Semi-supervised multiview clustering provides an alternative, which 
potentially overcomes this problem

• and can also be used for data integration.

•  Still a work in progress!
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• Scalability is an issue:

• We have one DP mixture model per view, so usual scalability issues are 
amplified.

• There are many opportunities for parallelisation.

• We are also exploring fast approximate inference approaches 

• Variational inference, SUGS, …

• Gibbs sampling can be slow to converge and mix poorly

• Split-merge procedures are useful

• Just starting to assess the importance of getting the “right” number of views.
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@pauldwkirk

http://www.mrc-bsu.cam.ac.uk/people/paul-kirk/
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