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A PartIES supplements

A.1 Optimization details of Zs, s = 1, · · · , S

In Step 1 of the optimization procedure, we fix Fs and optimize Zs, s = 1, · · · , S separately for each
data type s as follows:

min
Zs

{
< DKs,enh

, Zs >F +β||Zs||2F + γtr(F T
s (I − Zs)Fs)

}
s.t.

n∑
j=1

Zs(i, j) = 1, Zs(i, j) ≥ 0. (1)

Specifically, we assumed subjects are independent, thus we can perform row-wise optimization for
Zs. For ith row, i.e., for the ith subject, the optimization is a quadratic convex optimization. We
can rewrite formula (1) as follows:

min
Zs(i,·)

n∑
j=1

{
βZs(i, j)

2 +
(
DKs,enh

(i, j) +
γ

2
||Fs(i, ·)− Fs(j, ·)||2F

)
Zs(i, j)

}
s.t.

n∑
j=1

Zs(i, j) = 1, Zs(i, j) ≥ 0.

(2)

To optimize each row Zs(i, ) for data type s, for simplicity, we omit the subject index i and data
type index s and express aj = Zs(i, j) and vj = − 1

2β

(
DKs,enh

(i, j) + γ
2 ||Fs(i, ·)− Fs(j, ·)||2F

)
. The

optimization of row i of Zs(i, ·) for data type s becomes:

min
ã

n∑
j=1

(
a2j − 2vjaj

)
s.t.

n∑
j=1

aj = 1, aj ≥ 0. (3)

This can be further simplified into a quadratic optimization problem as:

min
ã

1

2
∥ã− ṽ∥2F s.t.

n∑
j=1

aj = 1, aj ≥ 0.

We can solve the optimization using the Lagrangian approach with parameter λ and slack variables
ηn×1 ≥ 0:

L(ã, λ, η) = 1

2
∥ã− ṽ∥2F + λ(ãT1− 1)− ηT ã.

To set up the KKT condition, for j = 1, · · · , n:

aj − vj + λ− ηj = 0
n∑

j=1

aj − 1 = 0

aj ≥ 0

ηj ≥ 0

ajηj = 0.
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By eliminating the slack variables (using standard techniques in [1]), we can further simplify the
conditions as:

aj = (µj − η∗)+

ηj = (η∗ − µj)+, j = 1, · · · , n,

where µj = vj − 1
n

∑n
j=1 vj +

1
n , η

∗ = 1
n

∑n
j=1 ηj and (·)+ = max(·, 0). Finally, we obtain the

solution to the equation system above by solving the following equation:

f(η∗) =
1

N − 1

N−1∑
j=1

(η∗ − µj)+ − η∗ = 0. (4)

Details of setting β and γ For each data type s, we set β to regularize each row of Zs,n×n to
have the k largest measures to be greater than 0, and the other measures to be close to zero, i.e.,
to use local information. A similar strategy has been used by [2, 3]. Specifically, according to the
KKT condition, the optimal solution for Zs(i, j) can be expressed as:

Zs(i, j) = (λ∗ − d2s(i, j)

2β
)+, (5)

where d2s(i, j) = (DKs,enh
(i, j) + γ

2∥Fs(i, ·)− Fs(j, ·)∥2F ). To achieve desired similarity measures for
subject i where only the top k largest similarities are kept as non-zero, we should approximately

achieve ds(i,(k))2

2β ≤ λ∗ ≤ ds(i,(k+1))2

2β , where ds(i, (j)) is the distance between subject i and his/her

jth nearest neighbor. Due to the constraint
∑n

j=1 Zs(i, j) = 1, we have:

kλ∗ −
k∑

j=1

d2s(i, (j))

2β
= 1, (6)

which leads to the following inequity:

k
d2s(i, (k + 1))

2β
−

k∑
j=1

d2s(i, (j))

2β
≥ 1. (7)

If we set inequality (7) as equality, we can get an approximate value of β for subject i as

βi,s = k
d2s(i, (k + 1))

2
−

k∑
j=1

d2s(i, (j))

2
, (8)

which is the sum of the gap between the distance of subject i to his/her (k+1)th nearest neighbor
and to his/her k nearest neighbors. Under this rationale, we set the hyper-parameter βs for data
type s as the average enhanced kernel distance gaps of all subjects and set βs as follows:

βs =
1

2n

n∑
i=1

k∑
j=1

(DKs,enh
(i, (k + 1))−DKs,enh

(i, (j))),

where n is the number of subjects, DKs,enh
(i, (j)) is the enhanced kernel distance between subject

i and his/her jth nearest neighbor using data type s. We set γ = 1
S

∑S
s=1 βs. We don’t update the
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hyper-parameters with optimization as the hyper-parameters change trivially among iterations.

A.2 To use eigengap criterion to guide the selection of numbers of clusters

To conduct spectral clustering on a symmetric, positive definite similarity matrix Sn×n, it uses
normalized graph Laplacian L = I −D−1/2SD−1/2, where Dn×n = diag(

∑n
j=1 Sij , i = 1, · · · , n) is

the degree matrix. If we denote the ith smallest eigenvalue of L as λi, the i
th eigengap Ei is defined

as Ei = λi+1 − λi, i ∈ {1, · · · , n − 1}. The number of clusters c can be guided by c = argmaxiEi

together with a plot of eigengap.

In simulation studies, we used the true number of clusters C for the two competing methods,
SNF and CIMLR. For the proposed PartIES, we used the eigengap criterion to guide the choice of
numbers of clusters on initialized Zs for individual data types Cs, s = 1, · · · , S and used the true
number of clusters C when integrating multiple omics data types for clustering.

In real data applications, we selected the number of clusters C for each comparing method sep-
arately, guided by the eigengap criterion. For the proposed PartIES, the number of clusters for
each single data type Cs is guided by the eigengap of the initialized Zs, and the number of clusters
C when integrating multiple omics data types is guided by the eigengap of

∑S
s=1ws2FsF

T
s using

initialized individual partition information Fs.

Eigengap can also help determine if a data type is informative for clustering. To demonstrate this,
we conducted a simulation study where we simulated 3 omics data types each with 10,000 features
for 200 samples. The first omics data type is pure noise with no signal features. The second omics
data type has 100 signal features out of the 10,000 features with 100 samples being generated from
N(1,1) and the rest 100 samples being generated from N(2,1). The third omics data type has 200
signal features and were generated similarly as the second omics data type. We simulated 100
datasets. We similarly used eigengaps to decide number of clusters identified by each data type
and included results in Figure S1 below. We can see that for the first omics data type with pure
noise, eigengaps do not change across different numbers of clusters, while the other two data types
with cluster information, the largest eigengap was achieved when the number of clusters is 2. These
results suggest that eigengap is able to inform us if there is clustering information in a data type.

Figure S1: Means of eigengaps of different number of clusters across 100 simulations
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A.3 Choices of number of neighbors k

In order to check if PartIES and competing methods are sensitive to the choices of number of
neighbors k, we conducted simulation studies using three different k’s, k = {n/3, n/4, n/5}, where
n is the number of samples and is set at 200 for this simulation study. As shown in Figure S2, all
three methods are not very sensitive to the choices of number of neighbors k, while PartIES is less
affected than CIMLR and SNF.

B Additional simulation studies with omics data from normal and
non-normal distributions and a smaller sample size

We conducted additional simulation studies to evaluate the performance of PartIES and competing
methods when 1) features are generated from Bernoulli distributions and normal distributions, and
ii) when sample size is small.

B.1 Simulation settings

We simulated all omics data types using normal distributions in the main text for simplicity. We
conducted additional more realistic simulations. Specifically, we considered one type of omics
data to be binary to mimic mutation presence/absence per gene and the other two types of omics
data to be continuous to mimic gene expression data. We simulate 3 types of omics data for 200
patients with four clusters, each with 50 patients. Each data type has 10,000 features, including
both signal and noise features. The number of signal features in the three data types are the
same, ranging from 10 to 200 with a grid of 10, and signal features within one data type have
the same effect size. The first data type is the gene mutation presence/absence data. For signal
features, mutation occurrence per gene was generated from a Bernoulli distribution with different
probabilities of success for samples in different clusters. For noise features, mutation occurrence per
gene was generated from a Bernoulli(0.1) distribution for all samples. The other two data types are
gene expression data, where signal features were generated from normal distributions with different
means and standard deviation 1 for samples from different clusters. Noise features were generated
from N(0,1) for all samples. We similarly considered three simulation settings as in the main text.

In simulation setting I, three data types provide the same clustering structures with signal features
in different data types have similar effect sizes. Specifically, signal features in data type 1 are
generated from Bernoulli distribution with probability of success equal to 0.1, 0.3, 0.7, 0.9 for samples
in 4 clusters, separately; signal features in data type 2 are generated from normal distribution
with mean equal to 0.5, 1.2, 1.5, 2 for 4 clusters, separately; and signal features in data type 3 are
generated from normal distribution with mean equal to 0.5, 1, 1.3, 2 for 4 clusters, separately.

In simulation setting II, three data types provide similar clustering structures but signal features
in different data types have different effect sizes. Specifically, signal features in data type 1 are
generated from Bernoulli distribution with probability of success equal to 0.1, 0.3, 0.7, 0.9 for 4
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Figure S2: Clustering performance of PartIES and competing methods with different choices of
number of neighbors k. Displayed are mean NMIs across 1,000 simulations.

clusters, separately, i.e., data type 1 separates all 4 clusters while it separates clusters 1 and 4 the
best. Signal features in data type 2 are generated from normal distribution with mean equal to
2, 0.5, 1, 1.5 for 4 clusters, separately, i.e., data type 2 separates clusters 1 and 2 the best. signal
features in data type 3 are generated from normal distribution with mean equal to 1.5, 2, 0.5, 1 for
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4 clusters, separately, i.e., data type 3 separates clusters 2 and 3 the best. PartIES would perform
well in this setting.

In simulation setting III, three data types provide different cluster structures. Specifically, signal
features in data type 1 mainly separate clusters 1 and 2 from clusters 3 and 4 with probability
of success in 4 clusters equal to 0.1, 0.2, 0.7, 0.8, separately. Signal features in data type 2 mainly
separate clusters 1 and 2 from clusters 3 and 4, and can further separate cluster 1 and cluster 2
with means in 4 clusters being 1, 2, 3, 3, separately. Signal features in data type 3 separate clusters
1 and 2 from clusters 3 and 4, and can further separate cluster 3 and cluster 4 with means in 4
clusters being 3, 3, 1, 2, separately. This is the setting the proposed PartIES is designed for.

We also considered a much smaller sample size with 60 subjects and 4 equal-sized clusters, each
with 15 subjects to evaluate the performance of PartIES and competing methods. We similarly
considered three simulation settings as above.

B.2 Additional simulation results

Figure S3-S4 display the simulation results when n=200 and n=60, separately. We can see that
when sample size is relatively large (Figure S3), the performance of PartIES and competing methods
when integrating binary and normal data types is similar with that when integrating all normal
data types (Figure 3). When sample size is relatively small (Figure S4), For simulation setting III,
PartIES has much better performance when effect sizes are not too small (with more than 50 signal
features), and when effect size is small, all methods have comparable performance. For simulation
settings I and II, PartIES has the best performance when effect size is much bigger with more than
100 signal features. When effect size is small with number of signal features smaller than 100,
PartIES has comparable performance with SNF, while CIMLR has the best performance. This is
because CIMLR can better aggregate small effect sizes when there are common cluster structures
across different data types.

C TCGA applications supplements

C.1 Individual cancer case studies

C.1.1 TCGA BLCA

Detailed comparisons between BLCA subtypes using single omics data type v.s. five
omics data types

In the main text, we described how individual omics data types help separate the six subtypes by
PartIES. In this section, we compared subtypes by PartIES and subtypes using one type of omics
data in detail. We also discussed important molecular features that differentiate the six BLCA
subtypes.
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Figure S3: Mean NMI of PartIES and comparing methods across 100 simulations for N=200 patients
using the three simulation settings considered when omics data were generated from Bernoulli
distributions and normal distributions

Figure S4: Mean NMI of PartIES and comparing methods across 100 simulations for N=60 patients
using the three simulation settings considered when omics data were generated from Bernoulli
distributions and normal distributions

When comparing the two subtypes by mRNA expression data to the 6 subtypes by PartIES, we can
see that mRNA expression data can separate PartIES subtypes 3 and 6 from subtypes 1, 2, and 5,
while PartIES subtype 4 is divided almost equally into the two mRNA subtypes (Figure 5). More
specifically, most tumors in PartIES subtypes 3 (96.5%) and 6 (86.5%) are in the mRNA subtype
1, while the majority of tumors in PartIES subtypes 1 (67.6%), 2 (66.7%), and 5 (89.6%) are in
the mRNA subtype 2. Several known important BLCA genes, such as genes MDM4, DMTF1,
and ZCCHC8 have significantly different expression levels across the 6 subtypes by PartIES where
tumors in subtypes 3 and 6 have relatively high expression levels (Figure 4b). Studies have suggested
that over-expression of MDM4 gene might lead to the escape of p53-dependent growth control
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in bladder cancer cells [4], and over-expression of DMTF1 gene suppresses bladder cancer tumor
progression [5], while ZCCHC8 gene was identified as a potential antigen for mRNA-based vaccines
against BLCA [6].

When comparing the 6 PartIES subtypes to the 4 lncRNA subtypes, we notice that lncRNA
expression data can separate PartIES subtypes 1 and 5 from subtype 4, from subtype 3, and from
subtype 6 (Figure 5). More specifically, majority of tumors in PartIES subtype 5 (84.9%) and
subtype 1 (56.8%) are in lncRNA subtype 2, majority (85.5%) of tumors in PartIES subtype 4
are in lncRNA subtype 1, 70.2% of tumors in PartIES subtype 3 are in lncRNA subtype 3, and
all tumors in PartIES subtype 6 are in lncRNA subtype 4. Several important lncRNAs such as
ZFHX2-AS1 and AC004148.1 have different expression levels across the 6 PartIES subtypes when
tumors in subtype 6 have relatively low expression levels and tumors in subtypes 3 and 4 have
relatively high expression levels (Figure 4c). Low expression levels of these two lncRNAs have been
shown to be associated with worse survival [7, 8].

The two subtypes from miRNA expression data mainly help separate PartIES subtype 3 from
subtype 5 (Figure 5). Specifically, all tumors in PartIES subtype 3 are in miRNA subtype 1, while
97.2% tumors in PartIES subtype 5 are in miRNA subtype 2. Several important BLCA miRNAs
such as MIR429 and MIR186 display relatively low expression levels in PartIES subtype 5 but
relatively high expression levels in PartIES subtype 3 (Figure 4d). High expression level of MIR429
has been shown to be associated with better survival in BLCA patients [9], and high expression of
MIR186 suppresses bladder cancer cell proliferation and metastasis [10].

Using DNA methylation data, two subtypes were identified. Majority of tumor samples in PartIES
subtypes 5 (61.3%) and 6 (84.6%), which have worse survival than other PartIES subtypes, are in
the methylation subtype 1, while the majority of tumor samples in PartIES subtypes 3 (66.7%)
and 4 (84.3%), who have relatively good survival, are in DNA methylation subtype 2. Several DNA
methylation sites that are differentially methylated across 6 PartIES subtypes are near important
BLCA cancer genes, e.g., cg23172995 is near ANXA6 gene and cg17546376 is near TRAK1 gene
[11, 12].

Three subtypes were identified using somatic mutation data, which helped separate PartIES sub-
types 1 and 2 from other subtypes. Specifically, all tumors in PartIES subtype 2 are in mutation
subtype 1, and 73.0% of tumors in PartIES subtype 1 are in mutation subtype 3. We notice that
tumors in PartIES subtype 1, which have the best survival, have the highest mutation burden,
and tumors in PartIES subtype 2, which have the 2nd best survival, also have a relatively high
mutation burden. This observation is consistent with previous findings [13]. Mutation frequencies
of important cancer genes varied greatly among the six PartIES subtypes. For example, 43.2% and
27.3% of tumor samples in PartIES subtypes 1 and 2 have PIK3CA mutations, respectively, while
only 10%-20% of tumor samples in other PartIES subtypes have PIK3CA mutations.

Mapping BLCA subtype differential molecular features on the PPI network

We used a Bonferroni-adjusted P-value threshold 0.01 for the Kruskal-Wallis (KW) test comparing
molecular features across the six BLCA subtypes by PartIES. There are 12,742 differentially ex-
pressed mRNAs, 5,173 lncRNAs, 127 miRNAs, 44,483 differentially methylated CpG sites, and 96
differentially mutated genes. We selected top 200 differentially expressed mRNAs (mapped to 197
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genes in the PPI network), top 200 lncRNAs (mapped to 1 gene in the PPI network), and top 200
differentially methylated CpG sites (mapped to 166 genes in the PPI network). We used all 127
differentially expressed miRNAs (no genes mapped in the PPI network) and all 96 differentially
mutated genes (mapped all 96 genes in the PPI network). There are 455 genes with 1,054 edges
mapped to the PPI network after removing the overlapping genes.

C.1.2 TCGA LIHC

Figure S5: (a) Kaplan-Meier curves of the 4 TCGA LIHC subtypes by PartIES. (b-e) Heatmaps of
top 500 features by KW test comparing feature measures across the 4 LIHC subtypes. (f) Mutation
landscape of top 20 most frequently mutated genes across all LIHC tumors.

In the main text, we briefly reviewed current research on liver cancer subtyping using TCGA multi-
omics data and showed that LIHC subtypes identified by PartIES can most significantly differentiate
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Figure S6: TCGA LIHC subtypes identified by PartIES and competing methods using five types
of omics data vs. that using one type of omics data. Samples are ordered by PartIES subtypes.

patient survival across all comparing methods (Table 2). Specifically, PartIES identified 4 LIHC
subtypes that are associated with patient survival with a P-value 9.08×10−4 using 362 TCGA LIHC
tumors (Table 2). Figure S5a presents Kaplan-Meier curves of the 4 LIHC subtypes identified by
PartIES. Subtype 1 containing 18 tumors has the worst survival with a median survival time of 931
days. Subtype 3 containing 156 tumors has the best survival with a median survival time of 2,456
days. In the following sections, we first compared LIHC subtypes identified by PartIES using five
omics data types to those using one type of omics data. We then explored the biological meanings
of the 4 PartIES LIHC subtypes by finding important subtype-differentiated LIHC genes on the
PPI network and comparing cancer-related pathway activities across LIHC subtypes.

TCGA LIHC subtyping using a single omics data type vs. five omics data types

Figure S5b-S5e display the heatmaps of top 500 features in mRNA, lncRNA, miRNA expression
levels, and DNA methylation levels ranked by P-values of Kruskal-Wallis (KW) test comparing fea-
tures across the 4 LIHC subtypes by PartIES. Figure S5f displays the heatmap of mutation profiles
of the top 20 most frequently mutated genes across all 362 LIHC tumors. Subtypes identified by
individual omics data types using spectral clustering were also indicated. We note that 3 subtypes
were identified using mRNA expression data only, 2 were identified using lncRNA expression data
only, 2 were identified using miRNA expression data only, 2 were identified using DNA methylation
data only, and 2 were identified using mutation data only. This information was further displayed
in Figure S6.

Overall, mRNA expression data provides distinct structure information to separate subtypes 2, 3,
and 4 by PartIES, while lncRNA and miRNA, which provide similar subtype information, help
to further separate subtype 2 from subtype 4 by PartIES. DNA methylation data distinguishes
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subtype 1 from partial of the 3 other subtypes by PartIES, while somatic mutation data further
separates subtype 1 from the others. Specific details of subtype comparisons and important LIHC
features differentiated the 4 PartIES LIHC subtypes are provided below.

The mRNA expression data helps to separate PartIES subtypes 2, 3, and 4. Specifically, most
tumors (82.8%) in PartIES subtype 2 are in the mRNA subtype 1, most tumors (76.3 %) in
PartIES subtype 3 are in the mRNA subtype 2, and most tumors (98.6%) in PartIES subtype
4 are in the mRNA subtypes 3 (Figure S6). Important LIHC genes show significantly different
expression patterns among the 4 LIHC subtypes by PartIES. For example, tumors in PartIES
subtype 4 have relatively high expression levels of genes LARP4B, ZNF207, and CPSF6 (Figure
S5b). High expression level of gene LARP4B in liver cancer patients is associated with shorter
overall/relapse-free survival [14], and high expression of level gene CPSF6 has also been shown to
be related to poor survival [15], while gene ZNF207 was identified as an immunosuppressive target
of liver cancer for immunotherapy development [16].

LncRNA and miRNA expression data can similarly separate tumors in PartIES subtype 2 from
subtype 4 by PartIES. Specifically, 97.4% (and 92.2%) of tumors in PartIES subtype 2 are in the
lncRNA subtype 1 (and miRNA subtype 1), while 97.2% (and 94.4%) of tumors in PartIES subtype
4 are in the lncRNA subtype 2 (and miRNA subtype 2) (Figure S6). Tumors in PartIES subtype
4 have relatively high expression levels at important LIHC lncRNAs such as NRSN2-AS1 and
MCM3AP-AS1 (Figure S5c) and important LIHC miRNAs such as MIR429 and MIR570 (Figure
S5d). Notably, high expression levels of NRSN2-AS1 and MCM3AP-AS1 have been shown to be
associated with poor survival in liver cancer patients [17, 18]. In addition, high expression level
of MIR429 has been shown to be correlated with larger tumor size and poor survival [19], while
MIR210 was discovered to promote the malignant progression of liver cancer via autophagy, which
might provide new directions for liver cancer therapy development [20].

Somatic mutation data helps to separate tumors in PartIES subtype 1 from other subtypes. Subtype
1 has the worst survival among all PartIES subtypes and has relatively high mutation burdens on
important liver cancer genes (Figure S5f). For example, 50.0% of tumors in PartIES subtype
1 have mutations in gene MUC16, compared to a maximum of 13.8% in other PartIES subtypes.
Mutations inMUC16 have been shown to promote the metastasis of liver cancer cells[21]. Moreover,
22.2% of tumors in PartIES subtype 1 have LRP1B mutations compared to a maximum of 10.0%
in other subtypes. LRP1B mutations are associated with the infiltration of immune cells in the
microenvironment of liver cancer [22]. These observations are consistent with a recent review on
liver cancer [23] which shows that a high tumor mutation burden is more likely to be associated
with worse survival.

Investigate subtype-differentiated important genes using the PPI network

To investigate biological meanings of the 4 LIHC subtypes identified by PartIES, we examined
omics features that differentiate them at a Bonferroni-adjusted P-value threshold 0.01 of KW tests.
There are 13,458 differentially expressed mRNAs, 4,293 lncRNAs, 80 miRNAs, 97,254 differentially
methylated CpG sites, and 292 differentially mutated genes. To identify important genes that
interact with other genes based on the PPI network, we further selected the top 200 differentially
expressed mRNAs (mapped to 199 genes in the PPI network), the top 200 lncRNAs (mapped to
3 genes in the PPI network), the top 80 differentially expressed miRNAs (no gene is mapped in
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the PPI network), the top 200 differentially methylated CpG sites which correspond to 180 genes
(mapped to 90 genes in the PPI network), and the top 200 differentially mutated genes (mapped
all 200 genes in the PPI network). After removing overlapping genes, we ended up with 490 genes
with 1,509 edges.

We similarly used degree, stress, and betweenness centrality to quantify interactions among these
490 genes. We only included genes in the largest sub-network (including 376 out of the 490 nodes)
in comparison. Table S1 displays top 10 genes ranked by each of the 3 metrics. Genes ranked
on top are potentially important LIHC genes. For example, gene U2AF2, which has the highest
degree among all mapped genes, and gene ABL1, which has the second to highest stress and third
to highest betweenness centrality among all mapped genes, have relatively high expression levels in
tumors of PartIES subtype 4 (Figure S5b). High expression levels of these 2 genes are associated
with poor liver cancer survival [24, 25].

Table S1: Top 10 genes ranked by degree, stress, and betweenness centrality for LIHC subtypes

Gene Degree Gene Stress Gene Betweenness Centrality

U2AF2 49 GRB2 66590 ANK1 0.088
DHX15 46 ABL1 63498 GRB2 0.080
DHX9 45 ANK1 62894 ABL1 0.080
NCBP2 43 CSNK2A1 55624 CSNK2A1 0.074

HNRNPA2B1 43 CD44 55192 CD44 0.071
HNRNPK 41 CREB1 53660 CREB1 0.063
SF3B1 41 KHDRBS1 45188 RAB11A 0.060
SF1 39 HNRNPK 44674 GNGT2 0.056

EWSR1 38 RAB11A 42914 SMAD2 0.045
CPSF6 38 PSME3 41312 PARP1 0.0428

Pathway activities of cancer-related pathways of the 4 LIHC subtypes by PartIES

Figure S7 displays activities of six cancer-related pathways which have the most significantly dif-
ferent activities across the 4 LIHC subtypes. Note that activity scores of Hypoxia, p53, MAPK,
TGFb, and NFkB pathways are relatively high in tumors in PartIES subtype 4, which has second
to worst survival among all LIHC tumor samples. Studies show that these pathways play important
roles in LIHC tumor genesis and development: alterations in p53 pathway activity and activation
of the MAPK pathway both contribute to aggressiveness and progression in liver cancer [26, 27],
and over-activation of TGFb pathway is highly likely to contribute to tumor progression in later
stages in LIHC tumors [28]; Treatments targeting the transcription factor of Hypoxia have shown
promising health outcomes in liver cancer patients [29], and NFkB pathway has been observed to
play an important role in the relationship between inflammation and liver cancer development [30].

C.1.3 TCGA THCA

Using five omics data types, PartIES identified four THCA subtypes. Figure S8(a) presents Kaplan-
Meier curves of the 4 THCA subtypes identified by PartIES. Subtype 3 containing 78 tumors has
the worst survival with a 10-year survival rate of 0.78. Subtype 1 containing 97 tumors has the
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Figure S7: Boxplot of top 6 cancer-related pathways’ activity scores ranked by KW test comparing
scores across the four LIHC subtypes by PartIES. Also displayed are the P-values of the 3 pairs of
subtypes with the most significant difference from the Wilcoxon rank sum test comparing pathway
activities between each pair of subtypes.

best survival with a 10-year survival rate of 1. In the following sections, we first compared THCA
subtypes identified by PartIES using five omics data types to those using one type of omics data.
We then explored the biological meanings of the 4 PartIES THCA subtypes by finding important
subtype-differentiated THCA genes on the PPI network and comparing cancer-related pathway
activities across THCA subtypes.

TCGA THCA subtyping using a single omics data type vs. five omics data types

Figure S8(b)-S8(e) display the heatmaps of top 500 features in mRNA, lncRNA, miRNA expression
levels, and DNA methylation levels ranked by P-values of Kruskal-Wallis (KW) test comparing
features across the 4 THCA subtypes by PartIES. Figure S8(f) displays the heatmap of mutation
profiles of the top 20 most frequently mutated genes across all 484 THCA tumors. Subtypes
identified by individual omics data types using spectral clustering were also indicated. We note
that 2 subtypes were identified using mRNA expression data only, 2 were identified using lncRNA
expression data only, 2 were identified using miRNA expression data only, 4 were identified using
DNA methylation data only, and 2 were identified using mutation data only. This information was
further displayed in Figure S9.

Overall, DNA methylation data can separate subtype 1, from subtype 2, from subtypes 3 and 4 by
PartIES, while lncRNA and miRNA expression data can further separate subtype 3 from subtype 4.
Specific details of subtype comparisons and important THCA features differentiated the 4 PartIES
THCA subtypes are provided below.
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DNA methylation data separate tumor samples in PartIES subtype 1 and PartIES subtype 2
from other THCA samples. Specifically, 85.6% of tumors in PartIES subtype 1 are in the DNA
methylation subtype 1, all tumors in PartIES subtype 2 are in the DNA methylation subtype 4.
As shown in Figure S8, the top diffentiated CpG sites are highly methylated in THCA samples in
PartIES subtype 2 and are near important THCA genes, such as cg05006942 near NOB1 gene and
cg13458212 near PDLIM3 gene. These genes are associated with THCA tumor progression and
metastasis [31, 32].

LncRNA and miRNA expression data help to further separate PartIES subtype 3 from subtype
4. Specifically, most tumors in PartIES subtype 4 are in the lncRNA subtype 1 (65.3%) and
miRNA subtype 1(74.8%), while fewer tumors in PartIES subtype 3 belongs to lncRNA subtype
1(23.1%) and miRNA subtype 1(42.3%). Several lncRNAs with different expression levels across
the 4 PartIES THCA subtypes, such as LINC01281 and LINC01586 (Figure S8c), were identified
as differentially expressed lncRNAs in THCA tumor and normal samples in previous studies [33].
Similarly, for miRNAs, MIR7-2 and MIR146B have different expression levels across the 4 PartIES
THCA subtypes (Figure S8d) and were also shown to be differentially expressed in THCA tumor
and normal samples in previous studies[34, 35].

Investigate subtype-differentiated important genes using the PPI network

To investigate biological meanings of the 4 THCA subtypes identified by PartIES, we examined
omics features that differentiate them at a Bonferroni-adjusted P-value threshold 0.01 of KW tests.
There are 7,925 differentially expressed mRNAs, 3,426 lncRNAs, 37 miRNAs, 266,791 differentially
methylated CpG sites, and 3 differentially mutated genes. To identify important genes that interact
with other genes based on the PPI network, we further selected the top 200 differentially expressed
mRNAs (mapped to 199 genes in the PPI network), the top 200 lncRNAs (mapped to 2 genes in
the PPI network), all 37 differentially expressed miRNAs (mapped to 1 gene in the PPI network),
the top 200 differentially methylated CpG sites which correspond to 194 genes (mapped to 185
genes in the PPI network), and all 3 differentially mutated genes (mapped to 3 genes in the PPI
network). After removing overlapping genes, we ended up with 386 genes with 2,611 edges.

We similarly used degree, stress, and betweenness centrality to quantify interactions among these
386 mapped genes. We only included genes in the largest sub-network (including 289 out of the
386 nodes) in comparison. Table S2 displays top 10 genes ranked by each of the 3 metrics. Genes
ranked on top are potentially important THCA genes. For example, gene PTPRC has highest
degree, stress and betweenness centrality among all mapped genes and high expression levels of this
gene is associated with poor prognosis of thyroid cancer [36]. Consistently, we can see that tumors
in PartIES subtype 3, which has the worst survival among all THCA subtypes, have relatively high
expression levels of gene PTPRC (Figure S8b).

Pathway activities of cancer-related pathways of the 4 THCA subtypes by PartIES

Figure S10 displays activities of six cancer-related pathways which have the most significantly
different activities across the 4 THCA subtypes. Note that activity scores of all 6 displayed pathways
are relatively low in tumors in PartIES subtype 3, which has the worst survival among all THCA
tumor samples, and the activity scores of all 6 pathways are relatively high in tumors in PartIES
subtype 2, which has the second to worst best survival among all THCA tumor samples. This
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Figure S8: (a) Kaplan-Meier curves of the 4 TCGA THCA subtypes by PartIES. (b-e) Heatmaps
of top 500 features by KW test comparing feature measures across the 4 THCA subtypes. (f)
Mutation landscape of top 20 most frequently mutated genes across all THCA tumors.

indicates that these two subtypes, which have worse survival than other subtypes, might have
different biological mechanisms in thyroid cancer development.

C.2 Sensitivity Analyses with fewer omics data types for LIHC and THCA

We conducted sensitivity analyses using subsets of the five omics data types for the 3 cancer
types. Specifically, we examined PartIES and competing methods when 1) removing data types
with similar clustering structures, and 2) removing data types with distinct clustering structures.
Details of the analyses and results for BLCA has been summarized in Table 4 in the main text.
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Figure S9: TCGA THCA subtypes identified by PartIES and competing methods using five types
of omics data vs. that using one type of omics data. Samples are ordered by PartIES subtypes.

Table S2: Top 10 genes ranked by degree, stress, and betweenness centrality for THCA subtypes

Gene Degree Gene Stress Gene Betweenness Centrality

PTPRC 115 PTPRC 73716 PTPRC 0.10556638
CD4 99 CD4 58062 PLEK 0.0819596

ITGB2 87 LCK 54416 CD4 0.08002822
LCK 79 PLEK 48956 LCK 0.06500318
CD86 78 ITGB2 44358 ITGB2 0.04588748
CD48 70 VAV1 34062 BTK 0.04030841
CD2 69 BTK 33416 SPI1 0.03943823
BTK 67 SPI1 32908 RUNX3 0.03898052

CTLA4 66 RAC2 32380 RAC2 0.03779241
VAV1 66 CD74 30994 WAS 0.037595

Here we display the results for LIHC and THCA

For LIHC, from Figure S6, we can see that mRNA expression and somatic mutation data provide
distinct clustering structures, while lncRNA expression data, miRNA expression data and DNA
methylation data provide similar cluster information. Therefore, we repeated the analyses removing
i) miRNA data, ii) miRNA and DNA methylation data, iii) mRNA data, and iv) mRNA and
mutation data.

For THCA, from Figure S9, we can see that DNA methylation data provides distinct clustering
structures, lncRNA and miRNA provide similar cluster structure, and mRNA and mutation data
provide similar cluster structures. Therefore, we repeated the analyses removing i) mutation data,
ii) mutation and mRNA data, iii) lncRNA data, and iv) lncRNA and DNA methylation data.
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Figure S10: Boxplot of top 6 cancer-related pathways’ activity scores ranked by KW test comparing
scores across the four THCA subtypes by PartIES. Also displayed are the P-values of the 3 pairs of
subtypes with the most significant difference from the Wilcoxon rank sum test comparing pathway
activities between each pair of subtypes.

Results of sensitivity analyses using subsets of 5 types of omics data for LIHC and THCA are
summarized in table S3 and S4 separately. Similar results have been observed from the sensitivity
analyses for LIHC and THCA as those for BLCA in the main text.

Table S3: Sensitivity analysis of TCGA LIHC subtyping with different omics data types

Cancer Analysis Data types PartIES CIMLR SNF

LIHC 1 mRNA, mutation, LncRNA, DNA methylation, miRNA Number of clusters 4 3 2
Survival P-value 9.08E-04 0.1915 7.81E-03

2 mRNA, mutation, LncRNA, DNA methylation Number of clusters 4 3 2
Survival P-value 9.86E-04 0.1891 0.0214

3 mRNA, mutation, LncRNA Number of clusters 4 3 2
Survival P-value 2.65E-04 0.3772 0.1075

4 mutation, LncRNA, DNA methylation, miRNA Number of clusters 3 3 2
Survival P-value 0.2118 0.2625 4.06E-03

5 LncRNA, DNA methylation, miRNA Number of clusters 3 3 2
Survival P-value 0.2548 0.2745 3.84E-03

D Computational time

We examined the computational time of PartIES and competing methods. With a machine of
Apple M1 Pro 8 core CPU @ 3.2 GHz, the computation times in seconds of PartIES, CIMLR, and
SNF for the three TCGA applications are shown in Table S5.
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Table S4: Sensitivity analysis of TCGA THCA subtyping with different omics data types

Cancer Analysis Data types PartIES CIMLR SNF

THCA 1 DNA methylation, miRNA, lncRNA, mRNA, mutation Number of clusters 4 3 3
Survival P-value 1.39E-03 0.6404 0.9297

2 DNA methylation, miRNA, lncRNA, mRNA Number of clusters 4 3 3
Survival P-value 5.08E-03 0.8403 0.9035

3 DNA methylation, miRNA, lncRNA Number of clusters 4 3 3
Survival P-value 5.03E-03 0.3362 0.0265

4 DNA methylation, miRNA, mRNA, mutation Number of clusters 4 3 3
Survival P-value 5.03E-03 0.2883 0.6655

5 miRNA, mRNA, mutation Number of clusters 3 3 3
Survival P-value 0.0114 0.3581 0.3981

Table S5: Computational time of PartIES and competing methods in three TCGA applications

Cancer N Diffusion time SNF time CIMLR time PartIES time

BLCA 401 0.18 10.23 13.68 39.75
LIHC 362 0.21 7.56 10.13 32.02
THCA 484 0.20 14.64 19.29 59.97
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