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ABSTRACT
Clustering is an important unsupervised learning method with se-
rious challenges when data is sparse and high-dimensional. Gener-
ated clusters are often evaluated with general measures, which may
not be meaningful or useful for practical applications and domains.
Using a distance metric, a clustering algorithm searches through
the data space, groups close items into one cluster, and assigns far
away samples to different clusters. In many real-world applications,
the number of dimensions is high and data space becomes very
sparse. Selection of a suitable distance metric is very difficult and
becomes even harder when categorical data is involved. Moreover,
existing distance metrics are mostly generic, and clusters created
based on them will not necessarily make sense to domain-specific
applications. One option to address these challenges is to integrate
domain-defined rules and guidelines into the clustering process.
In this work we propose a GAN-based approach called Catalysis
Clustering to incorporate domain knowledge into the clustering
process. With GANs we generate catalysts, which are special syn-
thetic points drawn from the original data distribution and verified
to improve clustering quality when measured by a domain-specific
metric. We then perform clustering analysis using both catalysts
and real data. Final clusters are produced after catalyst points are re-
moved. Experiments on two challenging real-world datasets clearly
show that our approach is effective and can generate clusters that
are meaningful and useful for real-world applications.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
KDD ’20, August 23–27, 2020, Virtual Event, USA
© 2020 Association for Computing Machinery.
ACM ISBN 978-1-4503-7998-4/20/08. . . $15.00
https://doi.org/10.1145/3394486.3403187

CCS CONCEPTS
• Computing methodologies→ Cluster analysis; Neural net-
works.

KEYWORDS
Domain-informed Clustering; Clustering Evaluation; GAN; Cancer
Subtyping

ACM Reference Format:
Olga Andreeva, Wei Li, Wei Ding, Marieke Kuijjer, John Quackenbush,
and Ping Chen. 2020. Catalysis Clustering with GAN by Incorporating Do-
main Knowledge. In 26th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining (KDD ’20), August 23–27, 2020, Virtual Event, USA. ACM,
New York, NY, USA, 9 pages. https://doi.org/10.1145/3394486.3403187

1 INTRODUCTION
Cluster analysis serves as an essential tool for effective exploratory
data analysis and knowledge discovery. During this process, simi-
lar items are grouped together and distinct samples are separated.
Traditional approaches, such as Euclidean or Manhattan distances,
rely on distance-based metrics to measure how similar or dissimi-
lar two items are. But challenges arise when we need to produce
clusters useful for domain applications. Standard metrics may not
necessarily reflect sample similarity from the perspective of a spe-
cific domain or application. Hence, it is important to pick a good
domain-oriented distance metric. Another challenge involves com-
paring objects that lack natural ordering, such as categorical data.
For instance, how similar are two lung cancer patients with differ-
ent mutated genes, but with similar responses to the same type of
treatment? This question can be easily answered by an oncologist,
who will conclude that these two patients should belong to the
same cluster. Hence, effective incorporation of domain knowledge
to replace generic metrics can generate better clusters more useful
for domain applications. Works that tackle these challenges are
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Figure 1: a) Due to insufficient sample collection, a clustering algorithm may group points into three clusters C1,C2 and C3 as
depicted above. However, after domain experts analyze these clusters, they may conclude that from the domain knowledge
perspective, samples such as the red squares in cluster C1 have characteristics more similar to those in cluster C3, so there
really should be 3 clusters as coded by blue, green, and red. b) Our approach will keep synthetic points (hollow red squares as
shown above) – drawn from the learned data distribution – so that wrongly clustered samples (e.g., three red squares in the left
bottom) will be assigned to the correct cluster. Not all synthetic samples are useful, such as the dashed blue circles and dashed
green stars that have no effect on clustering. Instead, we focus on sampling useful synthetic points (hollow red squares), which
are called catalyst points or catalysts. We name this clustering framework with the help of catalysts as Catalysis Clustering.

not only of high research importance for the machine learning
community, but is also practically crucial for domain scientists.

Existing distance-based clustering methods often fail to work
with high-dimensional data [29]. The reason behind this is that data
in a high-dimensional space tends to become geometrically sparse,
and many distance metrics become ineffective and less meaningful
in a high-dimensional space. A traditional approach is to reduce
the dimensionality of a given feature space. However, generic tech-
niques such as PCA do not take into account a feature’s importance
based on domain knowledge. If we drop important features, some
samples will be wrongly brought closer together in the reduced
space. This can negatively impact the quality of final clusters. Both
these challenges call for a domain-specific similarity metric to pro-
duce clusters useful in practice. For example, we conducted a cancer
subtyping case study, in which cancer patients needed to be clus-
tered into subtypes. This clustering procedure becomes clinically
meaningful if patients in the same subtype respond similarly to the
same option of treatment (e.g., chemotherapy, radiation). Cancers
are generally caused by gene mutations, which can range from a
few in one patient to a few thousand in another patient, often with
very little overlap even for patients of the same cancer type.

To address the aforementioned challenges, we propose a novel
clustering framework, whichwe call Catalysis Clustering in order to
incorporate domain knowledge into clustering analysis. To further
illustrate our idea, assume there is a group of patients diagnosed
with lung cancer. A clustering algorithm divides them into three
clusters as shown in Figure 1(a). Results are then analyzed by a
physician, who concludes, that from the medical perspective, the
three squares assigned to clusterC1 have characteristics (treatment
responses, survival rates, etc.) similar to those in cluster C3. In
Catalysis Clustering, we propose to use Generative Adversarial
Networks (GANs) to generate synthetic data points, determine the

validity of these synthetic data through domain knowledge, then
utilize them in cluster analysis. In Figure 1(b) these synthetic points
are represented as dashed and hollow points. Not all of these points
turn out to be useful, such as with the blue and green dashed points
in Figure 1(b) that have no effect on clustering. On the other hand,
hollow red points connect three misclustered red squares with the
rest of red squares, changing boundaries of clustersC1 andC3. Since
not all of the synthetic points turn out to be helpful, we evaluate
them through the domain-specific metric. If no metric improvement
is reached, unhelpful synthetic points are dropped. By this way,
our approach leads to more useful and domain-relevant clusters.
One of the advantages of our Catalysis Clustering framework is
that it can work with any existing clustering algorithm. To our best
knowledge, our method is the first to use GAN-generated data in
clustering analysis.

In summary, the major contributions of this paper are:
• We introduce a new clustering analysis framework called
Catalysis Clustering, which utilizes domain knowledge to
produce clusters useful for domain applications and works
with any existing clustering algorithm.
• Our framework can adopt any clustering algorithm, which
makes it independent from any domain or clustering ap-
proach.
• How to evaluate data generated by GANs remains a serious
challenge in machine learning, which is even more diffi-
cult for numeric data. With the incorporation of domain
knowledge, we develop an approach to assess the quality of
GAN-generated numeric data and its usefulness for cluster-
ing analysis.
• We chose a critical and challenging real-world application of
cancer stratification to validate our idea. Experiment results
show both the effectiveness and usefulness of our approach.
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Figure 2: Catalysis Clustering framework. 1) Catalysts generation with GAN: At this step we use trained GANs to generate
catalysts (special synthetic points drawn from the learned distribution to improve clustering quality) which we combine with
the real data. The quality and usefulness of these points is further evaluated through domain knowledge. 2) Catalysis Cluster-
ing: we perform clustering analysis on the combined dataset. The advantage of our method is that any clustering algorithm
could be adopted here. For example, a non-negative matrix factorization-based clustering algorithm is illustrated above. 3)
Evaluation: Catalysts are removed and resulted clusters are then assessed with domain-specific metric. Catalysis Clustering
produces better clusters more useful in practice.

2 RELATEDWORK
Clustering analysis is a powerful tool for effective exploratory data
analysis, and has been extensively studied in data mining and ap-
plied inmany real-world applications. For example,k-means cluster-
ing [13] was applied in [11] to identify distinct asthma phenotypes.
Consensus clustering [22] was adopted for retrospective identifi-
cation of intensive care unit patients [32]. Unfortunately, existing
algorithms highly depend on distancemetrics and do not necessarily
provide results useful for domain applications. DiSC [3] attempted
to incorporate domain-specific usefulness scores, provided for each
sample, into the semi-supervised dimension reduction clustering
approach. Alas, there are domains where scientists do not have
consensus on which scores to use. Recognizing the limitation of
generic clustering methods, a wide range of domain specific algo-
rithmswere introduced recently, e.g. CoINcIDE for clustering across
multiple cancer datasets [27], Network-Based Stratification (NBS)
[16] for clustering analysis on gene mutations. In [7] a survival
analysis was incorporated into the clustering validation process.

Unfortunately, these domain-specific techniques are often hard to
generalize.

In our Catalysis Clustering framework, besides clustering algo-
rithm, the other important component is a synthetic data generator,
which we adopt from the state-of-the-art Generative Adversarial
Networks [10]. GANs have attracted much attention for their ability
to capture a data distribution by two neural networks, which can be
useful for many fields including clustering. Recent work includes
the following. ClusterGAN [8, 23] enables clustering in the latent
space. CatGAN [28] trains one of its networks to classify the data
into a predefined number of categories. InfoGAN [5] learns disen-
tangled representations used for clustering. Task-oriented GAN
[21] tackles difficulties in PolSAR image interpretation, where a spe-
cial network T-Net is employed to accomplish a certain task. While
all these methods incorporate GANs directly into the clustering
process, our approach only uses GANs’ ability to learn underlying
data distribution to further generate synthetic points.
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3 CATALYSIS CLUSTERINGWITH GAN
In this section, we introduce our Catalysis Clustering framework.
Catalysis Clustering framework improves the usefulness and quality
of clustering analysis and allows experts to apply domain knowl-
edge for clustering analysis to generate useful clusters for domain-
specific applications.

3.1 Problem formulation
The main focus of Catalysis Clustering is to utilize domain knowl-
edge during clustering analysis to improve the quality of produced
clusters for domain applications.

Let us assume we are given a numeric dataset X with an un-
known distribution PX , and k for the number of clusters. k is not
required by our Catalysis Clustering framework, but may be re-
quired by the specific clustering algorithm, for instance the one
adopted in Section 4.3. Also, assume that we choose a clustering
algorithm Clust and a metricM designed by an expert to assess
the performance of Clust from the domain perspective. Our goal is
to find a set of clusters {X1, ...,Xk }, Xi ⊂ X andX1∩ · · · ∩Xk = �:

Clust(X ) = {X1, ...,Xk },

which maximizes the domain metric M. Thus the optimization
problem is defined by:

max
Xi ⊂X

X1∩···∩Xk=�

M(Clust(X )) (1)

3.2 Catalysis Clustering Architecture
The architecture of the Catalysis Clustering framework is shown
in Figure 2. Our main idea is to improve the usefulness and quality
of resulting clusters by introducing catalysts - synthetic samples
generated from the real data distribution. Similar to catalysts in
chemistry, these catalyst samples are used to enable and improve
clustering quality and they will be removed afterward, meaning
they do not participate in a final clustering evaluation. Our Catalysis
Clustering framework includes the following three stages:

(1) Catalyst generationwithGAN: GANs fit data distribution
PX to generate a set of catalysts C . There are two require-
ments for generated catalyst samples: (1) they must follow
the original data distribution ensured by GANs; (2) they
must improve clustering quality as specified by the domain
knowledge.

(2) Catalysis Clustering: Perform clustering over the com-
bined dataset X

⋃
C to obtain {(X1

⋃
C1), ..., (Xk

⋃
Ck )}.

(3) Evaluation: Every Ci is removed from the respective clus-
ters and {X1, ...,Xk } is evaluated with the metricM. It is
important to note that the setC is only used during the clus-
tering stage and disregarded afterwards, so only real data is
evaluated.

3.3 Stage 1: Catalyst generation with GAN
Synthetic sampling techniques, such as SMOTE [4], Borderline-
SMOTE [12], and ADASYN[14], are effectively used in imbalanced
learning[15]. Most existing methods attempt to populate under-
represented classes within existing data to reduce data imbalance
and provide a balanced dataset. Our approach is fundamentally

Figure 3: Learning underlying data distribution with GANs
to generate catalyst samples.

different as we apply synthetic sampling to the whole data and the
quality of these synthetic samples is sufficiently assessed through
domain knowledge. We only use synthetic samples of high quality,
which we name catalysts.

Definition 1 (Catalyst). Given a set X , an underlying distribution
PX , clustering algorithmClust and an evaluation metricM to maxi-
mize, a synthetic point c is a catalyst if it satisfies two properties:

(1) c ∼ PX
(2) M(S1) >M(S2),

where S1 is a new cluster assignment on X ∪ {c},
and {c} is excluded from the final assignment, i.e.
S1 = Clust(X ∪ {c}) \ {c}
and S2 is an initial cluster assignment on X , i.e.
S2 = Clust(X )

To satisfy the first requirement, we adopt a variant of Generative
Adversarial Networks introduced by Goodfellow and others in [10].
In its original form GANs do not require any prior knowledge about
data and learn to map from a latent space to a data distribution of
interest, PX in our case. To achieve that, GANs use two compet-
ing adversarial models: a generator G and a discriminator D. The
main goal of G is to capture the data distribution PX and generate
data samples similar to original data X . Meanwhile, D estimates
the probability that a given sample is derived from PX . Thus, the
generator and discriminator models compete against each other as
described by the equation (2).

min
G

max
D

V (D,G) = Ex∼PX [loдD(x)]

+ Ez∼Pz [loд(1 − D(G(z)))]
(2)

Here V (D,G) is a value function, x ∈ X is a data sample, z is a
noise sample, and Pz is a prior noise distribution. D(·) and G(·) are
discriminator and generator functions respectively. D(·) returns
a probability of the sample being real (D(·) =1) or fake (D(·) =0).
During the training phase,G(·) seeks to minimize loд(1 − D(G(z))),
meaning maximizing D(G(z)). On the contrary, D(·) seeks to mini-
mizeD(G(z)), meaning the discriminator should reject a fake sample
G(z) with high probability. In the end, G fits the data distribution
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PX to fool D with the generated samples. Figure 3 depicts the afore-
mentioned process. As a result, G(z) = c ∼ PX satisfies the first
requirement for a synthetic point to be a catalyst.

The second requirement ensures that a synthetic sample is useful,
i.e. improves clustering quality. Not every GAN-generated sample
will satisfy this requirement, and a domain-specific metric should
be applied to check whether this sample improves clustering quality
or not. More formally, our method requires every synthetic sample
c to be assessed with the metricM, which is designed by a domain
expert. If c introduces an improvement to the quality of produced
clusters, i.e.M(S1) >M(S2), where S1 = Clust(X ∪ {c}) ∩ {c} and
S2 = Clust(X ), then c is useful. In summary, a synthetic sample
that comes from the original data distribution and is useful will be
chosen as a catalyst to participate in the next Catalysis Clustering
stage.

Algorithm 1: Catalysis Clustering
Input :a set X , a set of generated catalysts C , evaluation

metricM, clustering algorithm Clust and, if Clust
requires, a number of clusters k

Output :cluster assignments {X1, ...,Xk }

/* combine X and a set of catalysts C */

X̃ ←− X
⋃
C;

/* Cluster combined dataset X̃ */

{X̃1, ..., X̃k } ←− Clust(X̃ );
/* delete catalysts from each cluster */

{X1, ...,Xk } ←− {X̃1, ..., X̃k } \C;

3.4 Stage 2: Catalysis Clustering
The main objective for this stage is formulated as follows:

(1) Given: a dataset X , a set of catalysts C , a domain specific
metricM, a clustering algorithm Clust , and a number of
clusters k , if required by Clust

(2) Find: cluster assignment {X1, ...,Xk }.
(3) Objective: optimize equation (1).
Algorithm 1 describes the process of Catalysis Clustering. As

an input, Catalysis Clustering takes a dataset X , a set of generated
catalystsC , a domain specific evaluation metricM, and a clustering
algorithm Clust . Clust in practice should be substituted with a spe-
cific clustering algorithm, such as K-means, NMF, etc. The number
of clusters k is not required by our Catalysis Clustering framework,
but could be required by the specific clustering algorithm selected
for this step. In the beginning, the set of catalysts C is combined
with X and Clust is applied to the combined dataset. After cluster-
ing is finished, all catalysts are removed from each cluster. Resulting
cluster assignments {X1, ...,Xk } are then evaluated withM in the
next stage.

3.5 Stage 3: Evaluation
Catalysis Clustering requires specific and quantitative assessment
from the domain knowledge perspective, which can be challenging
in practice. One of the main issues is the lack of an accurate yet
general definition of what a bad/not useful or good/useful "cluster"

Figure 4: A sample survival plot with three subtypes.

is. There exist many generic metrics for clustering evaluation, such
as Normalized Mutual Information or Rand Index. However, they
require a set of "true" clusters and they do not take into consider-
ation whether clusters will be useful for domain applications. On
the contrary, Catalysis Clustering incorporates domain knowledge
into the quality assessment and does not require the knowledge of
the ground truth cluster assignments. In Stage 1, a synthetic sample
is constantly evaluated according to a domain-specific metricM
before it can be selected for the forthcoming clustering process. In
this case, catalysts serve as an adjusting and enabling mechanism,
and with their help we are able to explore and evaluate various
cluster boundaries. The fact that catalysts are derived from the
original data distribution makes them valid candidates to make up
the deficiency in data collection. In Stage 3, the sameM is applied
to the final clustering results to give a quantitative measure of the
clustering quality.

Use of the domain knowledge during the cluster analysis highly
benefits real-world applications. In a given domain of interest, the
underlying model from which our data came from will likely be
known and well-defined. In this case we can use existing rules
and constraints to set or design the metricM for evaluation. As an
example, in our case study we assess gene mutation subgroups with
the help of survival information from a group of patients. Such a
domain-specific approach helps to incorporate more knowledge to
build a better picture of the underlying model, yet remain flexible
to plug in different metrics to study different aspects even in the
same application or dataset.

In the next section, we present a case study to develop a domain-
specific metric for Catalysis Clustering. To achieve this, we make
use of a Kaplan-Meier estimator [9], which is widely used for time-
to-event data evaluation—a common issue in the medical domain.
The Kaplan-Meier estimator is used to build a survival plot similar
to the one shown in Figure 4.

4 CASE STUDY: CANCER STRATIFICATION
USING GENE MUTATION DATA

Cancer stratification aims at grouping cancer patients into clini-
cally meaningful subtypes based on specific characteristics of their
cancer type. This problem is of particular interest to machine learn-
ing researchers and medical researchers because mutation-based
clustering analysis is still in its infancy, and medical science still
has no complete theory for the cancer stratification process. Useful
mutation-based clustering analysis and correct prediction of clinical

Research Track Paper  KDD '20, August 23–27, 2020, Virtual Event, USA

1348



Figure 5: After catalysts are combined with real data, the
whole dataset is projected onto a gene interaction network
transforming each binary vector into a continuous activa-
tion profile on the network. Non-negative matrix factoriza-
tion is applied to the smoothed matrix F.

outcomes for each subgroup becomes the key to successful patient
treatment.

Mathematically, the problem of mutation-based cancer stratifi-
cation may be formulated as follows. Assume we have a set G of д
genes, collected from n patients, and k is the number of subtypes. k
exists in several types of cancers developed by medical researchers.
Thus, the resulting data is stored in the n × д matrix

P = [pi , j ]
j=1..д
i=1..n,

where pi , j is either 0 or 1 to indicate whether a gene is mutated or
not. In this way, the ith row represents a particular patient, while
the jth column represents whether the gene j is mutated(1) or not(0).
The task is to assign each mutation profile pi , j to one of k subtypes.

In our Catalysis Clustering framework, we adopt Network-Based
Stratification (NBS) [16] as the clustering algorithm. Patients with
the same type of cancer may not have common mutations in their
genes, and mutated genes in one patient may range from a few to
a few thousand [18, 19] which is quite sparse considering there
are over 20,000 human genes. To deal with a high level of data
sparseness, NBS projects each mutation profile onto a human gene
interaction network to spread the influence of each mutation over
its network neighborhood and generate a less sparse feature matrix
F . A non-negative matrix factorization further approximates F with
a low-rank matrix approximation [20] such that F ≈WH . Figure 5
depicts this process.

4.1 Development of the Survival Curve
Measure as a clustering evaluation metric

In this case study, our goal is to help physicians answer the follow-
ing questions from cancer patients through cancer stratification:
• How likely am I to survive from cancer? A probability close
to 0 (i.e., death) or 1 (i.e., to stay alive) is preferred for a more
definitive answer.
• How long will I live? The more specific the period is, the
better.

Accurate information to answer these questions is highly desir-
able and crucial in a clinical setting. Our underlying idea is that a
subgroup of patients whose clinical outcomes are similar, and dras-
tically differ from any other subgroup of patients, should belong

to the same cluster. To use this notion during Catalysis Clustering,
we need to convert it to a quantitative measure, so that cluster
quality can be described with a numerical value. Additionally, we
need to decide on how edge cases—high clustering quality vs. low
clustering quality—would look like. It is important to note that
the following process is general and can be used as a template for
metric design in any other domain.

In this case study, we adopt the Kaplan-Meier estimator and sur-
vival curves for our metric design, similar to [7]. Suppose we have
survival data for n cancer patients divided into 3 clusters. Based on
this information, the Kaplan-Meier estimator produces a survival
plot as shown in Fig. 4. Here each colored line (survival curve) indi-
cates a cluster and marks (plus signs) on each line indicate a living
patient. These 3 clusters represent what we consider as three ex-
treme cases in cancer subtyping. The horizontal red line of survival
curve 1 indicates that all patients are alive with a 100% survival
rate at the end of the monitoring period (15 months in this case). In
other words, if a patient is assigned to this cluster, a physician can
confidently tell him that with the corresponding treatment he has a
great chance to survive for at least 15 months. As for subtype 3, all
subjects are unlikely to pass the 5 month threshold. Both subtype 1
and 3 are of high clustering quality from the perspective of clinical
findings because they provide more specific information on the
survival rate. On the contrary, subtype 2 is not as clear as subtypes
1 and 3 because a patient may pass away anytime between 0 and
15 months. Subtype 2 is not informative for physicians, because it
does not provide any definite information for a patient’s lifespan.

Taking all the above information into account, we design a
domain-specific metric, which we call a Survival Curve Measure
(SCM), to determine the quality of a cluster defined by a survival
curve. In the best case scenario, the survival curve should resemble
subtypes 1 or 3 in Figure 4. As for the worst case, such as with
subtype 2, survival periods vary and are less definite. The more
"steps" a survival curve has, the lower its prediction value is. Thus,
with time →∞, survival curve 2 would look more like a diagonal
line. With this insight, we measure the angle between the diagonal
line and each survival curve. This angle would represent how far
our curve is from the worst-case scenario, which is a diagonal line.
The closer the angle is to 45◦, meaning the further a survival curve
is from the diagonal line, the higher the clustering quality is. For
instance, subtypes 1 and 3 in Figure 4 both have a 45◦ angle from
the diagonal line. Equation (3) computes the angle at a point (x,y)
and Figure 6 provides a visual explanation for what angle θ j is.

θ = arctan
k2 − k1
1 + k1k2

(3)

Here k1 is the slope of the diagonal line, i.e. the line (0, 1) − (1, 0),
k2 is the slope of the line (0, 1) − (x,y), and j is the cluster that a
point (x,y) belongs to.

The SCM for a survival curve j is described by equation (4),
where nj is the total number of points in cluster j.

SCMj =

∑nj
i=1 θi

nj
(4)

This measure is used to determine the quality of cluster j.
Equation (5) describes the angle value assigned to each survival

plot. SCMavд represents a weighted sum of calculated angles so
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Figure 6: A visual representation of the θ angle. Here θ is
computed between the diagonal line and a line (0,1) - (15,1)

Table 1: Statistics of the experimental data.

Cohort #Patients #Genes #Mutations (min - max)

Lung 381 15,967 12 - 2,048
Ovarian 356 9,850 1 - 181

that subtypes of a smaller size (i.e. contains a small number of
patients) do not unfairly skew the total outcome. Hence, SCMavд
is used to determine the quality of a survival plot, as shown in the
equation,

SCMavд =

k∑
j=1

nj

N
SCMj , (5)

where k is the number of clusters, nj is the cardinality of the cluster
j, and N is the total number of points.

Although our evaluation metric is designed for cancer stratifi-
cation, it can easily be adjusted to other life-threatening diseases.
Even for diseases with no fatalities, we can replace the survival
time by the recovery time or other clinical markers. Similar metrics
can be developed for other fields, such as in social analysis [17, 31],
predicting corporate survival [26], or financial analysis [1].

4.2 Data description
To test our approach, we used somatic mutation profiles of ovarian
and lung cancer cohorts, collected from major projects such as The
Cancer Genome Atlas (TCGA) [6] and the International Cancer
Genome Consortium (ICGC) [24, 25]. Table 1 shows the statistics
for these two datasets. For each patient, each dataset contains a
mutation profile—a binary vector where 0 stands for a non-mutated
gene and 1 for a mutated gene. Somatic mutation profiles are ex-
tremely challenging to work with for a couple of reasons. First,
these profiles are extremely sparse, such as with the ovarian cancer
dataset, where on average a patient has fewer than 200 mutations
out of 9,850 genes. Another challenge is that somatic mutation
profiles are remarkably heterogeneous, and two clinically identical
patients typically do not share more than a single mutation[19].
Hence, standard distance-based clustering algorithms fail in the
task of mutation-based cancer stratification.

For the evaluation step, we used survival data collected from
[16]. These datasets contain information on patients’ age, gender,

survival information (i.e. the number of days lived during the obser-
vation period), etc. Unfortunately, we do not have a full correspon-
dence between mutation and survival profiles. As a result, in the
case of ovarian cancer, survival information was only collected for
325 subjects (out of 356), and in the case of lung cancer, information
on only 303 patients was present (out of 381).

4.3 Experiment setup
In all of our experiments, we used an improved version of GANs,
Wasserstein GAN (WGAN) [2], which takes into account the dis-
tances between distributions. Since our data is discrete and very
sparse, some data preprocessing was performed for WGAN to work.
In our experiments WGAN was trained for 25,000 epochs. Because
GANs do not generate discrete data, we setup a threshold of 0.5 to
convert generated continuous data into binary form.

We chose Network-Based Stratification (NBS) [16] to compare
with Catalysis Clustering (CC) since NBS represents the most ad-
vance state-of-the-art in mutation-based cancer stratification. NBS
requires the mutation profile of each patient to be projected onto
a human gene (protein) interaction network. Then, network prop-
agation is used to spread the influence of each mutation over its
network neighborhood to produce a non-sparse feature matrix. Fi-
nally, NMF [20] is applied to the smoothed matrix to stratify the
gene dataset (Figure 5). This approach was proven to work in [16].
We apply the NBS algorithm to the original dataset and it serves
as a baseline. In [16] NBS identified 4 subtypes for the ovarian
cancer cohort and 6 subtypes for the lung cancer cohort, which
were significant predictors of patient survival time. Thus, for a fair
comparison, we chose k = 4 for the ovarian case study and k = 6
for the lung case study.

Because true clusters are unknown and yet to be discovered, it is
impossible to incorporate a standard metric like Normalized Mutual
Information or Adjusted Rand Index into the clustering evaluation
process, which is often the case in practice. Instead, along with
SCM , we also compute the log-rank test and its corresponding p-
value as an external measure of clustering quality. The log-rank test
is a form of a χ2 test [30] and is often used to compare the survival
distributions of two samples. It calculates a statistic to test the
null hypothesis H0, which is that there is no difference in survival
between two or more independent groups (i.e. the probability of a
death occurring at any time point is the same for each group). The
lower the p-value, the greater our confidence is that the survival
curves are statistically significantly different. The SCM and the
log-rank test together provide a comprehensive evaluation of the
usefulness and distinctiveness of the resulting clusters.

4.4 Ovarian cancer stratification
Figure 7(a) illustrates a survival plot based on NBS clustering as-
signments and Figure 7(b) illustrates based on Catalysis Clustering
assignments. Table 2 shows that, according to SCMavд , CC achieves
better results compared to NBS. Although CC achieved improve-
ments in two out of four SCM values, SCMavд clearly shows that
the new cluster assignment is better from the domain knowledge
perspective.
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(a) NBS
p = 0.00002

(b) Catalysis Clustering
p = 0.02

Figure 7: Ovarian cancer case study: Kaplan-Meier survival
plots for (a) NBS subtypes and (b) Catalysis Clustering sub-
types. Time scale was normalized to have values between 0
and 1. Both p-values are low, which gives us high confidence
that in both cases, survival curves are statistically different.

Table 2: Ovarian cancer stratification evaluated with Sur-
vival Curve Measure (SCM)

Model SCM1 SCM2 SCM3 SCM4 SCMavд

NBS 10.58 13.69 15.92 25.09 15.80
CC 10.97 16.08 12.74 20.53 16.13

Table 3: Ovarian cancer case study: contingency table for
cluster assignments

CC1 CC2 CC3 CC4 total

NBS1 3 8 3 7 21
NBS2 23 170 24 10 227
NBS3 0 8 1 5 14
NBS4 8 5 5 45 68

total 34 191 33 67 325

Table 3 represents the contingency table for cluster assignments.
As Table 3 clearly shows, NBS assignments contain two small clus-
ters: NBS1 of size 21 and NBS3 of size 14. Catalysis Clustering is
able to increase the size of these two clusters by approximately 57%
and 142% respectively. The diagonal line in Table 3 shows howmany
samples are assigned to the same clusters by NBS and CC. These re-
sults support our assumption, that Catalysis Clustering is capable of
re-assigning relatively far-away samples to more relevant clusters.
Table 3 shows that most samples from clusters 2 and 4 are assigned
to the same cluster, and more uncertain samples are rearranged
among other clusters. Even though these identified improvements
may seem marginal, in a critical cancer stratification task, even a
small improvement from our algorithm would mean a significant
improvement in patient treatment. In our case, 106 re-assigned
patients (or 33% of all patients) have a higher chance to re-
ceive correct treatment in time, meaning many more lives could
be saved.

(a) NBS
p = 0.2

(b) Catalysis Clustering
p = 0.08

Figure 8: Lung cancer case study: Kaplan-Meier survival
plots for (a) NBS subtypes and (b) Catalysis Clustering sub-
types. Time scale was normalized to have values between 0
and 1. The NBS p-value is significantly higher than the CC
p-value, which indicates a much lower confidence that NBS-
produced subtypes are statistically different. On the con-
trary, the CC p-value is low, so we can say with a high confi-
dence that CC-produced survival curves are statistically dif-
ferent, which means that the probability of a death occur-
ring at any point in time is different for each group.

4.5 Lung cancer stratification
Out of 381 patients within the collected mutation profiles, only
303 have survival information, 22 of which cannot be used due
to missing data, so only data from 281 patients is used for the
evaluation. Another complication is having a higher number of
clusters as k = 6.

Figure 8(a) illustrates a survival plot based on NBS clustering
assignments and Figure 8(b) illustrates CC clustering assignments.
According to the log-rank test and the p-value, Catalysis Cluster-
ing produces more distinctive subtypes compared to NBS. In their
work, Hofree et al. achieved better results for the log-rank test by
removing unstable samples identified after the consensus cluster-
ing process. Our approach was able to achieve even better results
without the elimination of data. Table 4 shows that CC achieves
better SCMavд results compared to NBS. Although CC achieved
improvements in three out of six SCM values, SCMavд clearly in-
dicates that the new cluster assignment is better from the domain
knowledge perspective. Table 5 is the contingency table for NBS

Table 4: Lung cancer stratification evaluated with SCM

Model SCM1 SCM2 SCM3 SCM4 SCM5 SCM6 SCMavд

NBS 30.81 34.00 31.61 20.94 19.99 18.73 23.89
CC 23.80 26.22 31.95 29.49 16.82 20.76 24.05

and CC cluster assignments. Similar to the previous case study, ap-
proximately 28% of patients were re-assigned, meaning 82 people
have higher chances to receive proper treatment in time.

5 CONCLUSION
In this paper, we present a Catalysis Clustering framework which
incorporates domain knowledge into our approach. This framework
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Table 5: Lung cancer case study: contingency table for clus-
ter assignments

CC1 CC2 CC3 CC4 CC5 CC6 total

NBS1 19 8 0 4 3 0 34
NBS2 5 15 2 9 1 0 32
NBS3 0 0 19 7 0 0 26
NBS4 8 19 0 69 2 0 98
NBS5 7 1 0 5 83 0 96
NBS6 0 0 0 0 1 16 17

total 39 43 21 94 90 16 303

can accommodate various clustering algorithms and utilize domain
knowledge to produce clusters useful for domain applications. With
the help of GAN-generated catalysts, which are special synthetic
points drawn from the real data distribution, deficiencies in data
collection can be overcome and clustering quality can be improved.
To our best knowledge, Catalysis Clustering is the first work to
utilize GAN-generated numerical samples during the clustering
process. We also showed how to evaluate both GAN-generated
catalysts and clusters with domain knowledge. Hence, Catalysis
Clustering produces not only groupings of similar samples, but
clusters that are of higher quality and usefulness to domain sci-
entists. Experiments on two challenging real-world datasets show
both the effectiveness and usefulness of our approach. Although
our case study focuses on cancer research, Catalysis Clustering
is independent of domain, clustering algorithm, or any particular
evaluation process. Both Catalysis Clustering framework and the
domain knowledge metric design procedure can be easily adapted
by various domains.
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