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1 Background
1.1 Signed Graph

In graph theory, an undirected signed graph is a graph in which each edge has either a positive or negative sign.
Conventionally an undirected signed graph is described as SG = (V, ET, E~), where V is the set of nodes, E
consists of edges with positive sign and E~ consists of edges with negative sign, respectively.

The signed graph SG can be represented by an adjacency matrix A € RIVIXIVI where A;; = 1 if there is
a positive edge between node ¢ and node j, A;; = —1 if there is a negative edge between node i and node j,
and A;; = 0 if there is no edge connecting node ¢ and node j. Furthermore, the adjacency matrix A can be
decomposed into a positive adjacency matrix AT € RIVI*XIVI and a negative adjacency matrix A~ € RIVIXIVI
that represent the positive part and negative part of A, respectively. Specifically, Ajj = A;; if A;; > 0 and
A;;- = 0 otherwise. And A;j = —A;; if A;; <0 and A;j = 0. When signed graph only contains edges with
positive sign, then A = AT,

1.2 Scaled-LASSO Algorithm

Suppose we observe a design matrix X = (x1,22, -+ ,%p) € R"*P and a response vector y € R", the LASSO

estimator aims to find the vector of regression coefficients § = (51,82, -, Bp)T so that the following loss
function is minimized:

BERP

1
min {Qn|y—Xﬁ||§+AIIB|I1} (1)

where A is a tuning parameter indicating the penalty level of regularization term. Scale-invariance considerations
and theoretical results suggest using A proportional to the noise level o that motivates the scaled-LASSO
Algorithm [I3]. That is, the estimator 3, the tuning parameter A, and the estimation of noise level & can all be
obtained through scaled-LASSO. Specifically, the following two steps are iteratively repeated until convergence:

B argmin {|ly - XBI5 + 20005 |81, | (22)

~2 1 /|12

0% —— Hy—XﬂH (2b)
n 2

where g is chosen according to the suggestion of [I0] and has also been used in [4]. In particular, Ay =

B/(n—1+ B2)1/2, where B = tq(1 —n'/?/(2plogp),n — 1) with tq(, d) the a-th quantile of a t-distribution
with d degrees of freedom.

1.3 Cluster Quality Indices

Due to the variety of application areas, various clustering methods have been developed for the optimization
of different criteria, thus clustering quality has been defined ambiguously. For quality measures, the commonly
agreed upon cluster quality measures generally could be separated into two different categories: internal and
external indices. Specifically, internal cluster indices evaluate the clustering result solely based upon some
intrinsic statistical properties of the input data without referring to the ground truth, whereas external cluster
indices compare the clustering result to the specified ground truth.

1.3.1 External Indices

To evaluate a clustering result with K obtained clusters against the ground truth with S targeted clusters, a
K x S matrix A = (axs) can be constructed so that ays indicates the shared number of objects between the
k-th obtained cluster and the s-th targeted cluster. Therefore, ar. = Y  ars and a., = Y, axs stand for the
size of the k-th obtained cluster and the s-th targeted cluster, respectively.

The evaluation focuses on if pairs of objects belonging to the same targeted cluster can be clustered together
in the obtained cluster. Then the classification of pairs of objects falls into one of the four cases: T'P (True
Positive) and F'P (False Positive) represent the number of pairs of objects that truly belong to the same targeted
cluster being clustered into the same obtained cluster and distinct obtained cluster, respectively; FN (False
Negative) and TN (True Negative) stand for the number of pairs of objects from different targeted cluster being
clustered into the same obtained cluster and distinct obtained cluster, respectively. Let n be the total number
of objects. Therefore, the three commonly used external cluster indices: Adjusted Rand Index (ARI), Precision,
and Recall can be defined as:



o Adjusted Rand Index (ARI)

_ 2(TPxTN —FP x FN)

 FP24 FN24+2xTP xTN+ (TP+TN) x (FP+ FN)
_ Zk},s (aIQCS) - t?’

B Lt +t2) —t3

where t; = Z <a2k'>, to = Z (a;)’ t3 = 225:;2
2

k s

ARI

e Precision )
Precision = — E max {ags}
n s
k

e Recall 1
Recall = - ZS: max {aks}

1.3.2 Internal Indices

In principle, internal cluster indices measure the compactness and separation of clusters [I5]. Specifically,
compactness refers to how small the distances among objects within clusters, whereas separation refers to how
large the distances among objects across different clusters. Various internal cluster indices usually differ in how
they balance these two aspects.

The most commonly used internal cluster index is Silhouette value. The silhouette value has a range of
[—1,1], where a high value indicates that the object is well matched to its own cluster and poorly matched
to neighboring clusters. If most objects have a high value, then the clustering configuration is appropriate. If
many points have a low or negative value, then the clustering configuration may have too many or too few
clusters. Given a clustering result with K obtained clusters, for each object ¢, let a(i) be the average distance
between object i and other objects within the same cluster. Thus a(i) can be interpreted as how well object i
is assigned to its cluster, in the essence of compactness. Let b(i) be the lowest average distance of object i to
any other cluster that object ¢ does not belong to. The cluster with lowest average distance is regarded as the
“neighbouring cluster” of object i. Then the silhouette value of object ¢ is defined as:

b(3) — a(i)
max {a(i), i)}

Thus s(7) close to 1 means that the object ¢ is appropriately clustered. If s(¢) close to —1 means that the object
i would be more appropriate if it was clustered in its “neighbouring cluster”. And if s(¢) near 0 means that the
object 7 is on the border of two clusters. Finally, the silhouette value over all data takes the average over all

s(i) = (3)

1.4 Feature Selection

Feature selection, as a data preprocessing strategy, aims to reduce the dimensionality of high-dimensional data
and builds simpler and more understandable models [§]. Conventionally, feature Selection techniques select
a subset of features that are able to discriminate samples from different classes. With the existence of class
labels, the feature relevance is usually assessed via its correlation with class labels. The general procedure to
use feature selection in supervised learning is as following. After the data are split into training and testing
datasets, classifiers are firstly trained based upon the subset of features selected by feature selection. Note that
the feature selection can either be independent of the learning algorithm (i.e., filter methods), or it can depend
on the learning algorithm by iteratively assessing the quality of selected features so far (i.e., wrapper methods).
Finally, the trained classifier predicts labels of objects in the testing dataset in terms of the selected features.

1.4.1 Correlation-based Feature Selection (CFS) [5]

The idea of CFS is to employ a correlation-based heuristic to evaluate the goodness of feature subset F:

CFS(F) = Mef (4)

VEk+k(k—1)TFf

where k is the number of features selected in subset F. 7.f represents the mean feature class correlation and
77y represents the average feature-feature intercorrelation, respectively. The intuition of CFS is that a good




feature subset is expected to have strong correlation with class labels and are weakly intercorrelated. For the
computational efficiency, CFS adopts a best-search strategy to find a local optimal feature subset. It starts with
an empty feature set and then expand the set repeatedly until the stopping criteria is met.

1.4.2 Fast Correlation-Based Filter (FCBF) [16]

FCBEF is a filter method that exploits feature-class correlation and feature-feature correlation simultaneously.
The algorithm works as following;:

(1) it selects a feature subset F that is highly correlated with the class label with respect to the criterion
SU > 6, where ¢ is a predefined threshold and SU is the symmetric uncertainty between a set of features X
and the class label Y, defined as:

I(X7Y)

SU(XF,Y) = X 4 BT (5)

where I(X;Y) and H(X) are referred as mutual information and entropy, respectively. A specific feature
Xy is called predominant if SU(X,Y) > 0 and there does not exist a distinct feature X; € F such that
SU(X,, Xy) > SU(Xy,Y). Feature X is considered to be redundant to feature Xy, if SU(X;, Xi) > SU(Xy,Y).
(2) Let Fp, be the set of redundant features that can further be split into ]—"jgj and Fp, that contain redundant
features to feature X with SU(X;, Xy) > SU (X, Y) and SU(X;, Xi) < SU(Xy,Y), respectively.
(3) FCBF uses heuristics on Fp,, F# ,and Fp to remove redundant features and keep the features that are
most relevant features to the class label. ’

1.4.3 Sparse Logistic Regression (SLR) [11]

SLR considers a logistic regression classifier w in which the classification of Y can be based on a linear com-
bination of X. By incorporating the regularization, classifier and feature selection are achieved simultaneously
by estimating w with properly tuned penalties. Specifically, the coefficient w can be estimated as:

w = argmin ¢(w, X) + « penalty(w) (6)

where ¢() is the classification objective function, penalty(w) is a regularization term, and « s the regularization
parameter balancing the classification objective function and the regularization penalty. SLR uses the logistic
loss as the classification objective function and the LASSO regularization as penalty, that is:

o(w, X) = Z log (1 + exp(—yi(w'z; +))) (7a)
i=1
penalty(w) = 3 (h)

An important property of LASSO regularization is that it can get an estimation of w with exact zero coefficient.
Since each coefficient of w corresponds to one feature, features with coefficients that are close to 0 are then
eliminated. And feature selection is achieved and only features with nonzero coefficient in w will be used in the
classifier.

2 Details of Hetero-RP

Let O = 01,09, -+ ,0, be the set of objects that possibly indicate metagenomic contigs for binning, RBP
interaction sites for prediction, etc. Each object is represented by a feature vector, for features from a single data
source or concatenation of multiple data sources. Mathematically, each data source i with feature dimensionality
p; on the same set of n objects is represented by a data matrix X; € RPi*"™. When the number of data sources

m > 1, we stack them together by X = (;:1 ) X € RP*" ig the stacked data matrix illustrated in Figure ?7(B)

m

and p £ p1 +pa+- -+ Pm, Where p1,pa, -+, pr are the feature dimensionality of each data source, respectively.
Then the feature vector of o; is denoted as X ;, for i =1,2,--- ,n.

We encode “positive-links” and “negative-links” by an undirected signed graph G = (O, P, N'), where O is
the set of objects, P and N consists of “positive-links” and “negative-links”, respectively. G can be represented
by adjacency matrix A € R"*", where A;; = 1 if there is a “positive-link” between o; and o;, A;; = —1 if there
is a “negative-link” between o; and o;, and A;; = 0 otherwise. With these notations, Hetero-RP aims to find a
p-dimensional vector W = [wq,ws, - - -, w,| for overall p features, so as to minimize the inconsistency between



the signed graph G and the feature-wise rescaled data matrix diag(WW)X, where diag(-) diagonalizes the vector
into a diagonal matrix.
. . . 2
min L(W) = ZAij || diag(W)X.; — diag(W)X ;||
ij

= tr(diag(W) X LX T diag(W)), (8)
st. W >0, and ZWl =p

where L = D — A denotes the Laplacian matriz [2] of adjacency matrix A and D indicates the diagonal matrix
whose d;; entry equals the sum of the i-row (or column due to symmetry) of A. In the above formulation,
inconsistency decreases when object pairs joined by positive-links are pulled closer after data matrix is rescaled.
To avoid trivial solution, we we enforce W to be nonnegative and conserved in sum, i.e. >, W; = p.

Unlike conventional feature selection that assumes most features are irrelevant, Hetero-RP assumes the
majority of features are useful. Among those useful features, only a subset of them are more or less informative
(scaling # 1) whereas the rest are neutral (scaling = 1). In comparison, conventional feature selection treats
features either relevant (scaling = 1) or irrelevant (scaling = 0). To examine whether the assumption of Hetero-
RP holds, for the clustering scenario, the dip test [7] can be used to check if each feature is multi-modal. If
not, that feature is regarded uninformative and thus excluded. For the classification task, univariate metrics
such as t-test can also be applied to score each feature and the resulting p-values are obtained. Features whose
p-value exceeds a certain threshold are not considered as well. The assumption of Hetero-RP naturally leads to
the regularization of AW = W — 1, the deviation from unit scaling. Thus, Equation can be represented in
terms of AW:

min L(AW) = tr(diag(1 + AW)X LX Tdiag(1 + AW)) + X | AW |?

s.t. AW; > —1, and ZAWZ- =0 )

where the parameter A > 0 shrinks scaling towards unit and towards each other. It is easy to verify that the
constraints on W and AW are essentially the same. Specifically, >, W; = p and W; > 0, naturally become the
constraints on AW, >°. AW; =0 and AW; > —1.

Equation @D can be rewritten into the following form:

min L(AW) = [|Z + Zdiag(AW)|% + X |[AW|?

1
st. AW > -1, and » AW; =0 (10)
[

where XLX” = ZZ7 holds when only “positive-links” are available. In that case, L = UU” is decomposable by
eigen-decomposition due to positive semi-definiteness of L. U is a n X r matrix, where r represents the rank of L,
and Z = UTXT is an r x p matrix. Note that when “negative-links” are available, the positive semi-definiteness
of L may not necessarily holds. In that case, [XLXT}+ = ZZ7 still holds, where [z], = max (0, ) is the

entry-wise hinge loss, keeping the positive semi-definiteness of [X LX T]

+

+
According to the scaled-LASSO algorithm, the tuning parameter A can be selected automatically [I3] by
handling the following two steps iteratively until convergence:

AW « arg min |2+ Zdiag(AW)|7 + 2pAed [AW]|* (11a)
> AW;=0
1 =
o <—% HZ + Zdzag(AW)HF (11b)

Ao is chosen according to the suggestion of [I0]. In particular, A\g = B/ (p -1+ 32)1/2, where B = tq(1 —
p'/2/(2rlogr),p — 1) with tg(a, d) the a-th quantile of a t-distribution with d degrees of freedom.

However, one major drawback of Equation [10]involves eigen-decomposition, which is computationally unaf-
fordable when large n. In the implementation details, we do not explicitly decompose L, but solve an equivalent
quadratic programming (QP) problem to speed up the process. In particular, by letting ¥ be the diagonal
vector of XLX, ie., Y; = (XLX)y,i=1,2,---,n. Also, Y; can be analytically expressed by Y; = (X;. L)X
where X;. is the i-th row of X. The analytic expression of Y helps to avoid the colossal computation of X LX
when p is large. Therefore, we reformulate Equation [10]into the equivalent quadratic programming form:

argmin L(AW) = Z Y (AW, + 1) + \AW?

= AW diag(Y + \)AW 4+ 2YTAW + const (12)
st. AW > -1, and » AW; =0
i

10



where diag(Y + ) is a diagonalize vector with i-th entry equals to Y; + A. Therefore, the iterative algorithm
described by Equation [11] can be changed to the following form:

AW + arg Jnin D Yi(AW; +1)? + 2pAos AW, (13a)
>, AW;=0 ?

1
G < ,E Yi(AW; +1)2, 13b

3 Simulation Studies

We first evaluated Hetero-RP based upon the synthetic datasets from simulation. The advantage of using
synthetic datasets is because the correct cluster assignments are known a priori, which can be helpful to evaluate
the performance of Hetero-RP with respect to the amount of auxiliary knowledge available.

We used the ellipsoidal cluster generators designed for large high-dimensional datasets and large numbers of
clusters [6]. Specifically, the generator creates ellipsoidal clusters with the major axis at an arbitrary orientation.
For each cluster, data points are generated at a Gaussian-distributed distance from a uniformly random point
on the major axis, in a uniformly random direction. Using this method, 20 different datasets with varying
combination of cluster number and feature dimensionality were generated, as described in Table Also, the
two-dimensional Principal Coordinates Analysis (PCoA) plot of each dataset is illustrated in Figure

Parameter range
Number of Clusters 10
Dimensionality of Features 100, 1000
Size of each cluster uniformly in [50, 500]

Table S1: Synthetic ellipsoidal datasets of high dimensionality of features. For each of the two possible combi-
nations of cluster number and feature dimensionality, 10 different repeats were generated, giving 20 datasets in
all.

We next simulated the auxiliary knowledge for each synthetic dataset. Recall that the auxiliary knowledge
can be decomposed into the set of “positive-links” P and the set of “negative-links” N. We aim to construct the
balanced “positive-links” and “negative-links” set, in other words, ||P|| = ||NV||. Given the knowledge of cluster
assignments a priori, for each possible pair of objects (0;,0;) belonging to the same cluster, we uniformly chose
object oy so that (05, 0r) belongs to different cluster. Therefore, the obtained triple of objects (05, 05, 0x) would
be picked at random with probability 0 < p < 1. Once picked, we added the undirect link (0;,0;) and (o;, ox)
to the “positive-links” and the “negative-links” set, respectively. The options of sampling probability p contain
0.1%, 1%, 5%, 10%, 15%, 20%, 25%, 30%, 35%, 40%, 45%, 50%, 55%, 60%, 65%, 70%, 75%, 80%, 85%, 90%, 95%, 99%.
For each p, 10 different repeats were generated, giving 220 simulated auxiliary knowledge in all, as described in
Table

We considered four different scenario to utilize the auxiliary knowledge. (1) both “positive-links” and
“negative-links” are available; (2) though both “positive-links” and “negative-links” are available, the amount
is insufficient, so the original data matrix X is also incorporated; (3) only “positive-links” are available; (4) only
insufficient “positive-links” are available, so the original data matrix X is also incorporated. Since we aimed to
evaluate the effect of the auxiliary knowledge independently from the clustering methods involved later on, we
therefore used the internal cluster indices to measure the compactness and separation of clusters, with respect
to the correct cluster assignments known a priori. As shown in Figure we have the following conclusions:

1. When there is sufficient amount of auxiliary knowledge available, incorporating the original data matrix X
undermines the performance. However, when the auxiliary knowledge is insufficient (< 1%), incorporating
the original data matrix X doesn’t hurt.

2. In most cases, utilizing both “positive-links” and “negative-links” are preferable than using “positive-links”
alone.

3. With the increase amount of auxiliary knowledge, the increasing trend of the performance using “positive-
links” only starts to slow down. In that case, progressively collecting the auxiliary knowledge may not
worth the effort.

11



5 (A) k=10, p=100, repeat=1 3 (B) k=10, p=100, repeat=2 2.5 (C) k=10, p=100, repeat=3 2 (D) k=10, p=100, repeat=4

Figure S1: The two-dimensional Principal Coordinates Analysis of 20 different synthetic ellipsoidal datasets.
Each cluster is displayed with different color as well as different marks. (A)-(J) indicate 10 different repeats of
synthetic ellipsoidal datasets with 10 cluster numbers and 100 features. (K)-(T) indicate 10 different repeats of
synthetic ellipsoidal datasets with 10 cluster numbers and 1000 features.
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Figure S2: The comparison between different amount of auxiliary knowledge on 20 synthetic datasets. “P+N”
stands for using both “positive-links” and “negative-links” set. “P+N+X” stands for not only using both
“positive-links” and “negative-links” set, but also the original data matrix X by pretending the auxiliary
knowledge is insufficient. “P” stands for using only “positive-links” set. And “P+X” stands for using “positive-
links” set together with the original data matrix X. The evaluation is based on the most commonly used
internal cluster index, the silhouette value.
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Parameter range

D 0.1%,1%,5%,10%,15%,20%,25%,30%,35%,40%,45%,50%,55%,60%,65%,70%, 75%,80%,85%,90%,95%,99%

Table S2: The options of sampling probability p in simulated auxiliary knowledge. For each p, 10 different
repeats were generated, giving 220 simulated auxiliary knowledge in all.

4 Application to Clustering: Metagenomic Contig Binning
4.1 Details of COCACOLA [9]

A microbial community is comprised of a set of operational taxonomic units (OTUs) at different abundance
levels, and our objective is to group assembled sequence fragments, also known as contigs, into the genomic OTU
bins from which they were originally derived. OTUs are expected to be disentangled based on contigs comprising
either the discriminative abundance or dissimilarity among sequences in terms of tetra-mer composition. The
rationale of binning contigs into OTUs relies on the underlying assumption that contigs originating from the
same OTU share similar relative abundance as well as sequence composition.

Formally, COCACOLA encodes the abundance and composition of the n-th contig by a P £ p; + po

dimensional feature vector, X.,,, n = 1,2,---, N, where p; is the number of samples, ps is the number of
distinct tetra-mers, and N is the total contigs number. Specifically, X,,, represents the abundance of the
n-th contig in the m-th sample, m = 1,2,--- ,p1, respectively. And X, 1, » stands for the tetra-mer relative

frequency composition of the n-th contig, v = 1,2,--- ps. Similarly, the feature vector of the k-th OTU is
denoted as W, k=1,2,--- | K. Let Hg, be the indicator function describing whether the n-th contig belongs
to the k-th OTU, i.e., Hg, = 1 means the n-th contig from the k-th OTU and Hyg, = 0 otherwise. Therefore,
the OTU-contig membership can be written as:

X~WH st W>0, He {0,1} N ||H.,[, =1 (14)

where W = (W.1,Wy, -+ ,W.k) is a P x K nonnegative matrix with each column encoding the feature vector
of the corresponding OTU. And H = (H.;,H.o, -+ ,H.5) is a K x N binary matrix with each column encoding
the indicator function of the corresponding contig. |H.,|, = Zszl Hy,, = 1 ensures the n-th contig belongs
exclusively to only one particular OTU.

The matrices W and H can be achieved by minimizing the Frobenius norm:

argmin || X — WH|? st He {01}V |H,|, =1 (15)

Note that the binary constraint makes Equation NP-hard to optimize. Thus, a relaxation of H is taken by:

. 2
— 2. >
arg min | X -WH|> st W,H>0 (16)

where H becomes a coefficient matrix instead of an indicator matrix. It has been observed that by imposing
sparsity on each column of H, the hard clustering behavior can be facilitated [?]. Therefore, Equation is
further formulated into the Sparse Nonnegative Matrix Factorization (SNMF) form [?]:

N
. 2 2
arg min [|X = WH[+a ) [Holf (17)

n=1

where ||-||; indicates Li-norm. Due to non-negativity constraints of H, ||H.,||; stands for the column sum of
the n-th column vector of H. The parameter a > 0 balances the trade-off between approximation accuracy and
the sparseness of H.

Equation is solved by alternating nonnegative least squares (ANLS) [?], which iteratively handles two
nonnegative least square (NNLS) subproblems in Equation until convergence:

N
. 2 2

H eargglé%HX -WH|%+a E,l | Honlly (18a)
; T T/ T |2

Weargérvllz%HX - "W (18b)

Given the aforementioned P x N nonnegative matrix X as input, the upgraded COCACOLA constructs
an N X N similarity matrix A from k-nearest neighbor network, as the local embedding of X. Here the goal
is to connect vertex X.;, i = 1,2,---,n, with its k nearest neighbors. Concretely, if vertex ¢ and vertex j

are connected, the edge weight is quantified by Gaussian similarity function exp {—w}, where the

14



parameter o controls the width of the neighborhoods. Inspired by similar ideas in reproducing kernel Hilbert
spaces (RKHS) methods [?], one option is to take the 5% quantile of the values || X.; — X.j||2. However, this
definition leads to a directed graph, as the neighborhood relationship is not symmetric. Therefore, one way is
simply ignore the directions of the edges.

Similar to spectral clustering [14], eigenvectors corresponding to the K largest eigenvalues of the similarity
matrix A is computed, denoted as uj,us, - ,ux. Let U be the K x N matrix containing the eigenvectors
U1, Uz, - ,ur as columns. Furthermore, a step called spectral rotation [?] is applied to transform U into a
K x N matrix U. Since U may contains negative values, a constant is added to each entry of U, and resulting
the new nonnegative matrix U as the input.

4.2 Details of Input Data

Each contig is represented by a P £ p; 4 p, dimensional column feature vector including p; dimensional coverage
and po dimensional tetra-mer composition. The coverage denotes the average number of mapped reads per base
pair from each of p; different samples. While the tetra-mer composition denotes the tetra-mer frequency for
the contig itself plus its reverse complement. Due to palindromic tetra-mers, po = 136.

The coverage of all the IV contigs is represented by an N X p; matrix Y, where N is the number of contigs
of interest and Y, indicates the coverage of the n-th contig from the m-th sample. Whereas the tetra-mer
composition of the N contigs are represented by an N X py matrix Z where Z,, indicates the count of v-
th tetra-mer found in the n-th contig. Before normalization, a pseudo-count is added to each entry of the
coverage matrix Y and composition matrix Z, respectively. As for the coverage, a small value is added, i.e.,
Y, =Y, +100/L,, analogous to a single read aligned to each contig as prior, where L, is the length of the
n-th contig. As for the composition, a single count is simply added, i.e., Z},, = Z,, + 1.

The coverage matrix Y is firstly column-wise normalized (i.e., normalization within each individual sample),
followed by row-wise normalization (i.e., normalization across p; samples) to obtain coverage profile M. The
row-wise normalization aims to mitigate sequencing efficiency heterogeneity among contigs.

YI Y//
nm nm
My =

n o _ _ Toam _ fam
Ynm - N y! P1 Y
anl nm m=1"nm

(19)

The composition matrix Z is row-wise normalized for each contig (i.e., normalization across py tetra-mer count)
to obtain composition profile V:

Z/
Viw = —=p— (20)
" ]132:1 Z7/w
The feature matrix of contigs is denoted as X = [M V]T, as the combination of coverage profile M and

composition profile V. To be specific, X is a P x N nonnegative matrix of which each column represents the
feature vector of a particular contig. And COCACOLA takes X as the input data.

4.3 Details of Features after Hetero-RP

For the simulated “species” dataset, the scaling brought from Hetero-RP using co-alignment is shown from
Figure [S3] to Figure [F12] respectively. The blue shadow on the left side of the dash line indicates the scaling of
abundance profile, whereas the red shadow on the right side of the dash line indicates the scaling of composition
profile. And the green horizontal line indicates the scaling of 1, in other word, the scaling above or below the
green line means that the correspond features are more or less informative. As observed by [9} [1], when sample
size is small, the binning result is unstable. When sample size increase, the binning result performs better.
Consistent with the observation, the scaling of abundance is of the smallest magnitude when sample size is 10,
which increase with respect to the increase of sample size. When sample size is large enough (> 60), the scaling
of abundance becomes comparable to the scaling of composition. the scaling brought from Hetero-RP using
linkage is shown from Figure to Figure respectively. Compared to co-alignment, Hetero-RP using
linkage cannot achieve as significant changes. This is within the expectation because the attraction-link set of
co-alignment is ~ 1800x larger than the set of linkage.

For the real “MetaHIT” dataset, the scaling brought from Hetero-RP using co-alignment and linkage is
shown in Figure to Figure respectively.

5 Application to Classification: RBP Binding Site Prediction
5.1 Details of iONMF [12]

Let matrices X; € R™*"™ represent the data from each source, which contains m rows representing samples
and n; columns representing features. The classic NMF [?] seeks a factorization of X; by the product of a
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Figure S3: The feature scaling of Hetero-RP using co-alignment when sample size is 10, overall 9 replicates,
for the simulated “species” dataset.
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Figure S4: The feature scaling of Hetero-RP using co-alignment when sample size is 20, overall 4 replicates,
for the simulated “species” dataset.
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for the simulated “species” dataset.
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Figure S6: The feature scaling of Hetero-RP using co-alignment when sample size is 40, overall 2 replicates,
for the simulated “species” dataset.

0.00 I "

Figure S7: The feature scaling of Hetero-RP using co-alignment when sample size is 50, overall 1 replicate, for
the simulated “species” dataset.
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Figure S8: The feature scaling of Hetero-RP using co-alignment when sample size is 60, overall 1 replicate, for
the simulated “species” dataset.

Figure S9: The feature scaling of Hetero-RP using co-alignment when sample size is 70, overall 1 replicate, for
the simulated “species” dataset.
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Figure S10: The feature scaling of Hetero-RP using co-alignment when sample size is 80, overall 1 replicate,
for the simulated “species” dataset.

Figure S11: The feature scaling of Hetero-RP using co-alignment when sample size is 90, overall 1 replicate,
for the simulated “species” dataset.
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Figure S12: The feature scaling of Hetero-RP using co-alignment when sample size is 96, overall 1 replicate,
for the simulated “species” dataset.
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Figure S13: The feature scaling of Hetero-RP using linkage when sample size is 10, overall 9 replicates, for the
simulated “species” dataset.
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Figure S14: The feature scaling of Hetero-RP using linkage when sample size is 20, overall 4 replicates, for the
simulated “species” dataset.
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Figure S15: The feature scaling of Hetero-RP using linkage when sample size is 30, overall 3 replicates, for the
simulated “species” dataset.
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Figure S16: The feature scaling of Hetero-RP using linkage when sample size is 40, overall 2 replicates, for the
simulated “species” dataset.
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Figure S17: The feature scaling of Hetero-RP using linkage when sample size is 50, overall 1 replicate, for the
simulated “species” dataset.

-0 | || ||| || I
00||||

Figure S18: The feature scaling of Hetero-RP using linkage when sample size is 60, overall 1 replicate, for the
simulated “species” dataset.

0.00 | | || |

Figure S19: The feature scaling of Hetero-RP using linkage when sample size is 70, overall 1 replicate, for the
simulated “species” dataset.
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Figure S20: The feature scaling of Hetero-RP using linkage when sample size is 80, overall 1 replicate, for the
simulated “species” dataset.

Figure S21: The feature scaling of Hetero-RP using linkage when sample size is 90, overall 1 replicate, for the
simulated “species” dataset.
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Figure S22: The feature scaling of Hetero-RP using linkage when sample size is 96, overall 1 replicate, for the
simulated “species” dataset.
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Figure S23: The feature scaling of Hetero-RP using co-alignment for the real “MetaHIT” dataset.

Figure S24: The feature scaling of Hetero-RP using linkage for the real “MetaHIT” dataset.
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coefficient matrix W € R™*" and basis matrices H; € R"*™. Thus, each sample is assigned to one or more
of the r modules, revealed by the coefficient matrix W. Features relevant to each module are encoded in
corresponding basis vectors in H;. iONMF (Orthogonality-regularized NMF) aims to discover non-overlapping
features relevant to each module by imposing orthogonality on the basis vectors. Given multiple data matrices
X;, iIONMF solves the following optimization problem:

N
TV, H) =S ||Xs - WHE % + o | H H, - 1[5, (21)
i=1

where W, H; > 0 and [ is the identity matrix. The target column vector Y is treated just as regular matrices,
thus having its corresponding basis Hy. Note that Hy does not have orthogonality constraints because Hy
only contains one single column. In the training process, iIONMF iteratively handles the following updating rule
until convergence:

S X;H; + YHy
We«W : 22
O¢EJWHM+WH@h (222)
H;+ H;o XiW + aH; (22b)
YTW
HY «— HY o m (22(‘,)

where o is the element-wise product. Once the basis matrices Hy and Hy are learned through the training
process, it is kept fixed in the test process. Specifically, given the data matrices X; in the test set, iONMF
solves the following optimization problem:

Jszﬁﬂx_wﬂ?

i=1

E (23)

Concretely, iIONMF iteratively perform the following updating rule until convergence:

5 2 X H;
Wt | it (24)
>, WHT H,

Once W has been obtained, the predicted cDNA counts for all other genomic positions can be achieved by
Y = WHY. Then, the predicted cDNA counts were in turn used to classify positions as cross- linked or not
crosslinked.

5.2 Details of Input Data

For each dataset, the training data matrix contains up to 50000 rows, where each row represents contains
features from various data sources for a particular nucleotide position. The data sources include:

Y: Protein-RNA cDNA count, 50000 x 1. Protein-RNA cDNA counts are reported on the current nucleotide
position, resulting in 1 column. This column will be used for model fitting and to evaluate the predictive
performance.

Xxmer: RNA k-mers, 50000 x 25856. Positions [—50,50] relative to the current nucleotide position are
checked for the presence of RNA tetra-mers, resulting in 256 x 101 = 25856 columns. The value is binary
representing the presence of particular RNA tetra-mer.

Xgrnva: RNA secondary structure, 50000 x 101. Positions [—50, 50] relative to the current nucleotide position
are processed with RNAfold software [3], resulting in 101 columns. The value is numerical representing
the probabilities of double-stranded RNA secondary structure at the particular position.

Xra: Region type, 50000 x 505. Position [—50, 50] relative to the current nucleotide position are assigned into
one of the five gene regions: intron,exon,5-UTR, 3’-UTR and ORF, resulting in 5 x 101 = 505 columns.
The value is binary representing the presence of one particular gene region type at the particular position.

Xcrrp: co-binding proteins ¢cDNA counts, 50000 x 3030. For each of the remaining (up to 30) RBP
experiments not in the same replicate group, the protein-RNA ¢cDNA counts at positions [—50, 50] relative
to the current nucleotide position are reported as 1 for nonzero cDNA counts or 0 otherwise, resulting in
up to 30 x 101 = 3030 columns. The value is binary.
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Xgo: Gene annotation, 50000 x 39560. Genomic positions within known genes are annotated with Gene
Ontology terms, overall 39560 terms.

For each dataset, the test data matrices (Y, XKMER, XRNA, XRg, XCLIP, XGO) share the same structure,

including 50000 rows as well. It is guaranteed that the nucleotide positions used in the training set are not
included in the test set.

5.3 Details of Features after Hetero-RP
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5.3.1 Features of co-binding proteins cDNA counts

26



1.00
5075
1.00 .
= L [7]eIF4AIII(2)
e 90.25 L i
oz [6]elF4AIII(1) 0.00 o - ,
Yo 25 50 B
0.00 - o
-50 25 N
e o125
g Sor [9JELAVL1-MNase
ol :
5 0.75 ) .
SL
g [SJELAVL1 0so i ,
ost 25 50
0
050 ¢y 5 ”
oo 912
v75 § o [11]ELAVLL
gg}so e 25 50
g : [10]ELAVLIA| osol - ,
0.25 ) X
0.00 L5s o
-50
- o110
. S
g e [13]FUS
: n
E 25 50
Sors [12JESWR1 100 = .
e 75 50 50
0
0505 B N
e o125
0.75 Sor [15]IGF2BP1-3
j v50 075 ) o
ﬁa [14]Mut_FUS 0sol i ,
025 ) 50
0.00 s o
-50 )
0.9
o
115 .
ED.B [17]hnRNPC
2110 s :
_ 25
3 16]hnRNPC o ) -
e : 50 % % 25
00 0 25
1. ~
-50 25 )
115 o0
| Fos [19]hnRNPL
2110 or 25 :
s 8JhnRNPL 5
e e 50 00— =25
00 0 25
1. .
—50 25 N
1.25
1.2 g
9 Sore [21]MOV10
0 !
; os 0.75 . o
g : [20]hnRNPL-like osol " ,
03 50
0 25
0.0 5
- 1.00
0.75
1.2 g
: L [23]PUM2
o :
; 0.25 ) u
§0.6 [22JNSUN2 0.00 - ,
e 50 -50
0 0 25
0. ~
-50 25 N
1.25
: 2
: Sore [25]SRSF1
go : o 25 50
. [24]QKI 5
u -5
o o 0.50—¢5
[} 25
00 =
h 115
s o1.10
£
L [27]TDP-43;
o125 [% |
3 1.00 . =
81»00 [26]TAF15 . 5
o 25 50 -50
0
050" g9 -25 N
1.25
1.50 g
Sore [29]TIALL!
o125 !
e 075 ) C
S
tn‘g [28]TIAL 0.50 " s .
075 ) n
0
080" 59 -25 .
115 .
. [31JU2AF2(KD)
21.10 & o . :
: 25
gws [30]U2AF2 1.00 I . -
25 50
1.00 " .
50 -

1-
i in the dataset [1]Ago_EIF2C
he features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the

Figure S25: The featur

4.

27



1. 12
509 509
506 50.6
g 3
203 P03
o o
) -25 0 25 50 T 50 -25 0 25 50
1.50- 1.50
o125 o125
51.00 F1.00
@ *
075 0.75
080" _go 25 0 25 50 050" g0 25 0 2 50
1.00° L5
o075 o125
50.50- F1.00
B025 o
.25- 0.75
000
RS- 25 0 S 50 080" _go 25 0 2 50
1.00° 1.00
2075 2075
‘§0.50- 5050
D025 Bo.2s
ol oo
-50 -25 0 25 50 -50 -25 0 25 50
1.00 1.50
2075 g,1.25
5050 §1.00
g g
P0.25 Po.75
000
- 25 0 25 50 080" g0 25 0 2 50
1.15° 12
0.9
2110 2
5 506
®0n1.05 Np3
ool o
T80 -5 0 %5 50 T -25 [ %5 50
1. 12
509 09
506 ‘ 506
g g
©0.3 903
00 0
T 50 -25 0 25 50 T 50 -25 0 25 50
1.50
o125
§1.00
]
0.75
080" _go 25 0 2 50
1.50
o125
§1.00
@
0.75
05055 5 o P 50
1. 1.
509 o125
06 ‘g1.00
g g
o3 2075
00 050
-50 -25 0 25 50 : -50 -25 0 25 50
1 115
0.9
2 2110
506 £
©03 $1.05
00 20 proe-s3
-50 -25 0 25 50 -50 -25 0 25 50
1.00- 1.50
20.75 o125
50.50 $1.00
g g
0,25 Po.7s
000
) 25 [} 25 50 0.50——g5 -5 0 25 50
115 1.15
2110 2110
g g
3105 ?1.05
100 - - ) 100 :
-50 -25 0 25 50 -50 -25

Figure S26:

The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [2]Ago2-MNase.
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S27: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [3]Ago2(1).
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Figure S28: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [4]Ago2(2).
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Figure S29: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [5]Ago2.
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Figure S30: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [6]eIF4ATII(1).
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Figure S31: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [7]eIF4ATIII(2).
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Figure S32: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [8§]ELAVLI.
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Figure S33: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [9JELAVLI-
MNase.
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Figure S34: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [10]JELAVL1A.
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Figure S35: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [11]JELAVLI.
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Figure S36: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [12]ESWRI.
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Figure S37: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [13]FUS.
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Figure S38: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [14]Mut_FUS.
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Figure S39:

The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [15]IGF2BP1-3.
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Figure S40: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [16]hnRNPC.
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Figure S41: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [17]hnRNPC.
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Figure S42:

The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [18]hnRNPL.
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Figure S43: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [19hnRNPL.

45



1.50
1.15
1.25
gLi0 g
8105 §1.00
@ Po.75
1.00 [1JAgo_EIF2C1-4 ! [2]Ago2-MNase
-50 -35 0 25 50 050" 59 25 0 25 50
1.00 1.00
0.75 £0.75
£ =4
5050 5050
g g
P0.25 90.25
000 [3Ago2(1) 000 [41Ago2(2)
B B 5 25 50 50 35 5 25 50
1.50 1.00-
5125 50.75
£ £
$1.00 5050
g g
P0.75 9025
[51Ago2 [6leIF4AINI(1)
050 0.00
-50 35 0 25 50 -50 25 0 25 50
1.2 1.50
0.9 o125
£ £
<06 F1.00
& 3
0.3 0.75
[7IelF4AIII(2) [BJELAVLA
0.0 0.50
-50 25 0 25 50 200 5o 25 0 25 50
1.50 1.50
5125 5125
£ £
$1.00 F1.00
3 3
0.75 075
[9JELAVL1-MNase [L0JELAVLIA
0.50——=g5 35 [ % 50 0.50——¢5 35 6 % 50
1.50
2125 g’o‘go
$1.00 Zoss
& $0.80
0.75 -
[11]ELAVLL 075 [12JESWR1
050" 59 35 0 25 50 -50 25 0 25 50
115
110
20.88 >
£ £1.05
3 g
Sosa S1.00
0.80 [13]FUS 0.95 [14]Mut_FUS
-50 -35 0 25 50 -50 25 0 25 50
1.50
115
1.25
g 2110
5100 £
075 $1.05
[15]IGF2BP1-3 [16JhnRNPC
050 1.00
-50 35 0 25 50 -50 25 0 25 50
1.50 1.50
o125 5125
£ £
$1.00 F1.00
3 3
0.75 075
[17]hnRNPC [21]MOV10!
080" 59 35 0 25 50 0507 59 25 0 25 50
1 1.50
0.9 o125
=4 =4
06 F1.00
a @
0.3 0.75
[22]NSUN2 [23]PUM2
00 0.50
50 B [ % 50 2050 =35 ) E3 50
115
0.93
g 2110
50.90 5
& #1.05
0.87 [2410KI oo [25]SRSF1
-50 35 0 25 50 o -5 0 25 50
12
1.04
o 0.9
g 2
<100 H
@ &
0.96 03
[26]TAF15 00 [27]TDP-43]
-50 35 0 25 50 - 35 0 25 50
1.50 1.50
5125 5125
£ £
$1.00 F1.00
3 3
0.75 075
[28]TIAL [29]TIALL
0505 5 [ % 50 0505 =T 6 3 50
115 115
2110 2110
g g
$#1.05 $1.05
100 [30]JU2AF2 100 [31]U2AF2(KD)
-50 35 0 25 50 -50 25 0 25 50

Figure S44: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [20/hnRNPL-
like.
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Figure S45: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [21]MOV10.
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Figure S46:
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The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [22]NSUN2.
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Figure S47: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [23]PUM2.
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Figure S48: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [24]QKI.
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Figure S49: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [25]SRSF1.

o1




1.50 1.5
o125 o125
100 F1.00
@ ®
075 0.75
080 g0 25 0 S 50 080" _go 25 0 2 50
1.15° 115
2110 2110
3 g
$1.05 $1.05
100 100
-50 -25 0 25 50 -50 -25 0 25 50
1.50- 12
o125 209
§1.00 506
g g
075 P03
z ) ) ) 0ol ;
050" 59 -25 0 25 -50 -25
1. 1.50
509 o125
506 5100
03 Po.75
o
T %0 -25 0 E 50 080" _go 25 0 2 50
1.50 1.50
o125 o125
‘5100 $1.00
@ @
0.75- 0.75
050" g9 -25 0 25 50 0507 g9 -25 0 25 50
1501 115
1.25
= 2110
F1.00- £
Po.75 31.05
' 100
080" 59 -25 0 25 50 ’ -50 -25 0 25 50
1.15° 1.50
1.25
2110 2
3 ‘§1.00
31.05 Po.75
200 s
T80 -5 0 %5 50 05055 =35 0 %5 50
1.50 1.50
o125 o125
‘§1.00 $1.00
@ @
0.75 0.75
050" g9 -25 0 25 50 0507 g9 -25 0 25 50
12 1.05
09 g’1.00
Soe Eo.es
©0.3 $0.90 A
00 ~ [17JhnRNPC 0.85
T 50 -25 0 25 50 -50 -25 0 25 50
1.2
o0 509
£1.00- 2
H 0.6
So.95: 8o
0.90- 00
=50 -5 0 75 50 T -5 [ %5 50
1.50 12
o125 209
‘§1.00 506
@ Bos
0.75 .
o
050" g9 -25 0 25 50 T 50 -25 0 25 50
1.50 1.15
1.25-
2 2110
5100 5
Po.75 31.05
20
080 g0 25 0 25 50 - 25 0 2 50
1. 1.15
0.9
g 21.10
506 5
203 $1.05
o 100
T 50 25 0 25 50 ’ -50 25 0 25 50
1.50 1.50
o125 o125
S1.00 ‘§1.00
@ *
0.75 0.75
050" 59 -25 0 25 0507 59 -25 0 25 50
1.15° 1.5
1.25
2110 E
£ F1.00
?1.05 @ 0.75
200 -
- 25 0 S 50 080" _go 25 0 2 50

Figure

S50: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [26]TAF15.
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Figure S51:

The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [27]TDP-43.
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Figure S52: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [28]TIAL.
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Figure S53: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [29]TTALI.
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S54: The features of Hetero-RP for co-binding protein-RNA ¢DNA counts in the dataset [30]U2AF2.
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Figure S55: The features of Hetero-RP for co-binding protein-RNA ¢cDNA counts in the dataset [31]U2AF2(KD).
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Figure S56: The features of Hetero-RP for RNA secondary structure in the dataset [1]JAgo EIF2C1-4.
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Figure S57: The features of Hetero-RP for RNA secondary structure in the dataset [2]Ago2-MNase.

5.3.2 Features of RNA secondary structures
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Figure S58: The features of Hetero-RP for RNA secondary structure in the dataset [3]Ago2(1).
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Figure S59: The features of Hetero-RP for RNA secondary structure in the dataset [4]Ago2(2).
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Figure S60: The features of Hetero-RP for RNA secondary structure in the dataset [5]Ago2.
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Figure S61: The features of Hetero-RP for RNA secondary structure in the dataset [6]eIF4AIII(1).
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Figure S62: The features of Hetero-RP for RNA secondary structure in the dataset [7]eIF4AIII(2).
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Figure S63: The features of Hetero-RP for RNA secondary structure in the dataset [§]JELAVLI.
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Figure S64: The features of Hetero-RP for RNA secondary structure in the dataset [9JELAVL1-MNase.
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Figure S65: The features of Hetero-RP for RNA secondary structure in the dataset [10JELAVLI1A.
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Figure S66: The features of Hetero-RP for RNA secondary structure in the dataset [11]JELAVLI.

60




0.425

0.400

ing

0.375

Scal

0.350

0.325 . . . . .
-50 -25 0 25 50

Figure S67: The features of Hetero-RP for RNA secondary structure in the dataset [12]ESWRI1.
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Figure S68: The features of Hetero-RP for RNA secondary structure in the dataset [13]FUS.
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Figure S69: The features of Hetero-RP for RNA secondary structure in the dataset [14]Mut_FUS.
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Figure S70: The features of Hetero-RP for RNA secondary structure in the dataset [15]IGF2BP1-3.
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Figure S71: The features of Hetero-RP for RNA secondary structure in the dataset [16|hnRNPC.
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Figure S72: The features of Hetero-RP for RNA secondary structure in the dataset [17hnRNPC.
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Figure S73: The features of Hetero-RP for RNA secondary structure in the dataset [18]hnRNPL.
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Figure S74: The features of Hetero-RP for RNA secondary structure in the dataset [19JhnRNPL.
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Figure S75: The features of Hetero-RP for RNA secondary structure in the dataset [20lhnRNPL-like.
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Figure S76: The features of Hetero-RP for RNA secondary structure in the dataset [21]MOV10.
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Figure S77: The features of Hetero-RP for RNA secondary structure in the dataset [22]NSUN2.
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Figure S78: The features of Hetero-RP for RNA secondary structure in the dataset [23]PUM2.
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Figure S79: The features of Hetero-RP for RNA secondary structure in the dataset [24]QKI.
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Figure S80: The features of Hetero-RP for RNA secondary structure in the dataset [25]SRSF1.
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Figure S81: The features of Hetero-RP for RNA secondary structure in the dataset [26]TAF15.
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Figure S82: The features of Hetero-RP for RNA secondary structure in the dataset [27)TDP-43.
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Figure S83: The features of Hetero-RP for RNA secondary structure in the dataset [28]TTAL.
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Figure S84: The features of Hetero-RP for RNA secondary structure in the dataset [29]TTALI.
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Figure S85: The features of Hetero-RP for RNA secondary structure in the dataset [30]U2AF2.
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Figure S86: The features of Hetero-RP for RNA secondary structure in the dataset [31]JU2AF2(KD).
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Figure S87: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [1JAgo-EIF2C1-4.
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Figure S88: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [2]Ago2-MNase.

5.3.3 Features of Region types (intron,exon,5-UTR, 3’-UTR and ORF)
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Figure S89: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3’-UTR and ORF) in the dataset [3]Ago2(1).
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Figure S90:
3-UTR and ORF) in the dataset [4]Ago2(2).
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Figure S91: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [5]Ago2.
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Figure S92: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [6]eIF4AITII(1).
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Figure S93: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,

3-UTR and ORF) in the dataset [7]eIF4AIII(2).
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Figure S94: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [8§]JELAVLL.
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Figure S95: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [9)JELAVL1-MNase.
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Figure S96: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [10]JELAVLI1A.
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Figure S97: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,

3-UTR and ORF) in the dataset [11JELAVLI.
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Figure S98: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,

3-UTR and ORF) in the dataset [12]JESWRI.
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Figure S99: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [13]FUS.
1.00
0.751
— ~3-UTR
g = ~5-UTR
< 0.50 —exon
& _/_,_.____/—/— —intron
- ~ORF
0.25;
0.00- . . . .
-50 -25 0 25 50

Figure S100: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [14]Mut_FUS.
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Figure S101: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [15]IGF2BP1-3.
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Figure S102: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [16]hnRNPC.
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Figure S103: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [17]hnRNPC.
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Figure S104: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [18]hnRNPL.
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Figure S105: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [19]hnRNPL.
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Figure S106: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [20]hnRNPL-like.
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Figure S107: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [21]MOV10.
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Figure S108: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,

3-UTR and ORF) in the dataset [22]NSUN2.
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Figure S109: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,

3-UTR and ORF) in the dataset [23]PUM2.
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Figure S110: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [24]QKI.
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Figure S111: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [25]SRSF1.

1.00-
50-75- —3'-UTR
£ w —5-UTR
@ —exon
{3 0.50 —intron

— ORF
0.25-
0 25 50

-50 -25

Figure S112: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [26]TAF15.
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Figure S113: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [27]TDP-43.
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Figure S114: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [28]TTAL.
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Figure S115: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [29]TTIALI.
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Figure S116: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [30]JU2AF2.
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Figure S117: The features of Hetero-RP for Region type (one of the five gene regions: intron,exon,5-UTR,
3-UTR and ORF) in the dataset [31]U2AF2(KD).
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