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Overview of the results

The mechanisms through which RBPs integrate different stimuli and respond to metabolic
needs can be very diverse:

1. positive correlation in expression profiles: RBPs can promote the expression of a
transcript by stabilizing the mRNA and enhancing its recruitment to the
translational machinery (e.g., elongation and export to the cytoplasm).

2. negative correlation in expression profiles: RBPs can negatively regulate gene
expression by blocking RNA polyadenylation and transport or inducing its
sequestration and degradation.

3. positive interaction propensities: RBPs can exert a direct effect on RNA
metabolism by physically interacting with the transcript through sequence or
structural recognition motifs.

4. negative interaction propensities: RBPs do not play any role or can indirect
regulate the expression of other effectors associated with RNA processing.

Coexpression and interaction propensity are features of cell cycle control

We note that genes coding for inhibitors of CDKs show particularly high interaction
propensities. In agreement with experimental evidence [1], we found that the quaking
homolog RNA-binding protein QKI, belonging to the STAR (signal transduction and
activation of RNA) family, is co-expressed with p27 as well as MBP and binds strongly to
them (p27: interaction propensity = 65.57 corresponding to an AUC of 63%;
discriminative power = 98%. MBP: interaction propensity = 70.64 corresponding to an
AUC of 69%; discriminative power = 98%). Interestingly, protein p27 is a cell cycle
inhibitor and is related to activation of the MBP promoter [2].
Anti-expression and interaction propensity are features of differentiation

In our analysis, the anti-expression of RBP and mRNA reflects the precise spatiotemporal dynamics of interactions associated with growth, survival and differentiation.
Although the current level of knowledge provides only a limited basis for validation, we
found a number of highly interacting and anti-correlating RBP-mRNA associations that
can be linked to repression of differentiation processes in adult tissues. Some illustrative
examples are reported below.

Non-phosphorylated YTHDC1 localizes in nuclear foci termed YT bodies (markers for
differentiated cells)[3] where YTHDC1 interacts with the spliceosome assembly mediator
Sam68 (KHDRBS1)[4]. A significant impact of YTHDC1 on tumorigenesis has been
recently demonstrated: a clear association of low YTHDC1 expression with poor clinical
outcome

in

patients

diagnosed

with

type

I

endometrial

cancer

was

identified,

demonstrating a potential tumor suppressor activity [5]. Alterations of YTHDC1
expression might have eminent impact on splicing decision of cancer-associated genes
[6]. Such regulatory mechanisms can be proposed for PBR and LINGO1 genes, negative
regulators of oligodendrocytes proliferation and differentiation, that were found upregulated in a number of neuropathologies, including gliomas and neurodegenerative
disorders in the case of PBR [7], and in substantia nigra of Parkinson’s disease patients
in the case of LINGO1 [8].

Non-correlated protein-RNA interaction and expression

For non-correlated expressions (Figure S1A), the following formula is used:

𝑒𝑛𝑟𝑖𝑐ℎ𝑚𝑒𝑛𝑡   𝑛𝑜 − 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 =
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In Eq. (1), 𝑙!! and 𝑟!! values correspond to positive and negative correlation coefficients
of AUCs taken from the protein-RNA expression distribution.
The same trends were observed using either immunohistochemistry [9] or RNA
sequencing data (Supplementary Figure 1B).

Prediction of LIN28B and HUR interactions
Extra analysis for the examples reported in this paper are reported below:

•

When comparing 500 top- and 500 bottom-scored interactions (highest and
lowest

interaction

propensities),

the

area

under

the

receiver

operating

characteristics (ROC) curve is 0.69 (LIN28B: 0.71; HUR: 0.67).
•

If the same number of positives and negatives are extracted randomly from the
database and the procedure is repeated 10 times, the area under the ROC curve
is 0.66 (LIN28B: 0.67; HUR: 0.66; Supplementary Figure 4A).

•

If the number of positives is unbalanced with respect to the number of negatives
(i.e. for 1 positive there are 10 negatives / 1 negative for 10 positives) the area
under the ROC curve is 0.64 (LIN28B: 0.64 / 0.63; HUR: 0.64 / 0.64;
Supplementary Figure 4A). In this test, positives and negatives are extracted
randomly and the procedure is repeated 10 times. If for 1 positive 100 negatives
are randomly extracted, the area under the ROC curve is 0.63 (LIN28B: 0.63;
HUR: 0.62; Supplementary Figure 4A).

In addition, we performed Precision/Recall (PR) analysis (Supplementary Figure 4B):

•

When the same number of positives and negatives are randomly extracted from
the databases and the procedure is repeated 10 times, the area under the PR
curve is 0.61 (LIN28B: 0.62; HUR: 0.60).

•

If there are 10 positives for each negative, the area under the PR curve is 0.91
(LIN28B: 0.94; HUR: 0.93).

•

If there are 10 negatives for each positive, the area under the PR curve is 0.34
(LIN28B: 0.13; HUR: 0.16).

•

If there are 100 negatives for each positive, the area under the PR curve is 0.02
(LIN28B: 0.02; HUR: 0.02).

The PR analysis indicates that performances depend on the size of the sampling space,
as reported in previous studies [10]. Indeed, the asymptotic limit of the PR curve is
dominated by the number of false positives and tends to zero as the number of
negatives increases. In case of rare events (small clusters to be identified in large
amount of data) PR curves show limited variability, as shown in previous analyses [11].
It should be noted that the area under the ROC size only weakly depends on the dataset
size, in agreement with what has been previously shown [10].
We compared our performances with those achievable by considering the occurrence of
recognition motifs reported in literature. In these calculations, we used position weighted
matrices [12] and FIMO [13] with p-value threshold of 0.05:

•

When the same number of positives and negatives are randomly extracted from
the databases and the procedure is repeated 10 times, the area under the ROC
curve is 0.53 (LIN28B: 0.52; HUR: 0.54), while the area under the PR curve is
0.53 (LIN28B: 0.51; HUR: 0.55).

•

If there are 10 positives for each negative, the area under the ROC curve is 0.58
(LIN28B: 0.56; HUR: 0.60), while the area under the PR curve is 0.90 (LIN28B:
0.91; HUR: 0.90).

•

If there are negatives for each positive, the area under the ROC curve is 0.53
(LIN28B: 0.52; HUR: 0.54), while the area under the PR curve is 0.11 (LIN28B:
0.10; HUR: 0.12).

•

If there are 100 negatives for each positive, the area under the ROC curve is
0.51 (LIN28B: 0.52; HUR: 0.54), while the area under the PR curve is 0.01
(LIN28B: 0.01; HUR: 0.01).

Hence, our results show that catRAPID outperforms the motif search. It is important to
mention that HUR and LIN28B targets are reported in the original papers [16, 17], but
non-interacting RNAs are difficult to obtain. In fact, we do not exclude that there are
transcripts in the control sets that are able to bind to HUR or LIN28B (even if their
expression levels are low in the cell line of the experimental study).
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