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Reviewer #1 (Remarks to the Author):

Predicting RNA-RBP interactions in a dynamic manner across different cell lines is an important
challenge for understanding the interactions between RNAs and RBPs. In this manuscript, the
authors present a novel deep-learning method called HDRNet to address this problem. The method
utilizes multi-source biological features, including dynamic global contextual information and in-
vivo RNA secondary structure profiles. The authors compare HDRNet with existing tools in multiple
RBP datasets and demonstrate its superior performance in both static and dynamic prediction
tasks. Additionally, the authors perform motif analysis and high-attention binding region
identification to provide biological interpretability. Furthermore, the authors conduct potential
genetic variants analysis and genome-wide functional studies for TDP-43 to better understand the
associations between dynamic RNA-RBP binding behavior and human diseases. The overall
structure of the article is clear and the research results are quite interesting. However, there are
some comments that need to be addressed before publication.

1. The authors employed icSHAPE to obtain in-vivo RNA secondary structures profiles. However, it
is difficult to obtain structure profiles from icSHAPE for most of the given RNA sequences.
Therefore, the authors should explore other RNA structure representation methods such as
RNAfold, a computational tool for predicting RNA secondary structure, as an alternative to icSHAPE
and demonstrate their impact on prediction performance.

2. The authors compared HDRNet with other existing deep learning approaches but did not
compare it with machine learning algorithms. Therefore, the validity of HDRNet cannot be
guaranteed, and the authors should include a comparison with machine learning algorithms.

3. The authors proposed a hierarchical deep neural network to extract sequence and structure
features separately. However, they did not combine the multi-source features at the beginning of
the network. The authors should explain the advantages of using hierarchical networks and the
differences between the learned characteristics of hierarchical and non-hierarchical networks.

4. The motif analysis and biological interpretability provided by the authors are interesting.
However, the manuscript lacks a detailed description of the motif calculation method. Therefore,
the authors should include this part in an appropriate place.

5. The authors studied the effect of variant alleles within the high-attention binding region on RNA-
RBP binding on the TDP-43 dataset. However, they only explored the sequence variation, and it is
unclear whether this variation could lead to structural changes in the sequence.

6. The authors provide a user-friendly web server for online static and dynamic RNA-RBP binding
prediction, which is helpful for biologists. However, the web server address is a digital IP instead of
a domain name, making it unofficial. Additionally, there is a lack of detailed instructions and
potential bug previews in the web server. Furthermore, when uploading a .fasta file with 1000
sequences, the results were returned in an acceptable time, but the authors should consider using
a more advanced server to increase the speed of operation. Finally, the authors should provide an
option to download the results and an optional visualization of the high-attention binding region.

Reviewer #2 (Remarks to the Author):

This manuscript by Zhu et al presents HDRNet, a new deep learning-based approach to predict
dynamic RNA binding protein (RBP) in different cellular contexts. The main components of the
HDRNet pipeline consist of i) the generation of input multi-source information by characterizing
RNA sequence and structure profiles using BERT and the icSHAPE, respectively, ii) the unified
alignment of the sequence and structure feature representation maps, and iii) extraction,
prediction, and scoring to determine the prominent nucleotide tokens and RNA-protein interactions
using the hierarchical multi-scale residual network (HMRN) and the deep protein-RNA binding
predictor (DPRBP). By comparing five baseline methods (PrismNet, DMSK, iDeep, DeepBlind and
Graphroot) and subsequent evaluations, the authors demonstrate the robustness and better



performance of the proposed HDRNet pipeline. Moreover, HDRNet is employed to reveal the
relationship between TDP-43 binding properties and disease-related genetic variants. The
approach and results introduced by this study will be valuable for the RNA and related research
community. However, a revision will be required to further clarify the key analyses and data
interpretation to better illustrate the function and usage of the HDRNet pipeline.

Major comments:

1) Why is icSHAPE pipeline specifically used for generating RNA structure profiles? icSHAPE papers
should be referenced properly in the main text. Also, it would be helpful for authors to compare
and discuss icSHAPE and other methods (e.g., icSHAPE-MaP, DMS-seq and related). Will
integrating RNA structure information from different methods further improve the performance of
HDRNet?

2) Are there sub-groups of binding events that are better characterized by HDRNet (e.g., high vs
low AUC scores) or improved at different levels by the newly developed HDRNet vs other methods
(e.g., PrismNet)? What are the features associated with these sub-groups (e.g., structural
complexity or context variations)?

3) Related to 2), FMR1 and FXR2 binding site identification enhancement by HDRNet is highlighted
as examples in the main text. Is this only observed in HEK293 cells or also in other cells? What are
the specific features associated with FMR1 and FXR2?

4) How does HDRNet perform for RBPs with high and low expression levels and for target RNA
events with high and low expression levels in different cellular contexts?

5) In addition to cell lines, how does HDRNet perform for predicting dynamic RNA-protein
interactions in vivo tissue contexts (normal or disease conditions)? Is the model trained using cell
line data (e.g., K562 and/or HepG2) sufficient for predicting dynamic interactions in tissues? Or
additional tissue data are required. Examples, such as CLIP-Seq data from in brain, heart, muscle,
and myoblasts (Wang et al. Cell 2012, PMID: 22901804), could be useful to further explore and
compare the applications of HDRNet in different contexts?

Minor comments:
6) Some supplementary notes/figures (e.g., 1, 4 ...) are not referenced in the main text.

7) Page 12: "transformation to the variant allels" -> alleles and improper citation
"[cite:bardou2014jvenn]".

8) Further clarification for static and dynamic protein-RNA interactions would be helpful, including
the authors' choice of dynamic embedding model BERT and the impact and limitations of input
data from different contexts (e.g., different cell lines, tissues, and disease conditions).

9) A better description of the candidate drug prediction analysis in Fig. S10 (also highlighted in Fig.
1e) would be helpful. How many neurological disease-associated genes (68 genes from
Supplementary Note 6 or 28 genes from Fig. 8c) are used for the analysis?

Reviewer #3 (Remarks to the Author):

This is a new method for the prediction of protein-RNA interactions in the RNA sequences. It relies
on a deep network and several input types. I appreciate a comprehensive nature of the empirical
comparisons and the downstream analysis of the results. The ablation analysis is also a plus.
However, I have a few concerns.

PrismNet was published over 2 years ago and may no longer represent state of the art in the field.
Authors heavily rely on this approach as motivation for their own solution. More recent methods
should be surveyed and considered. For instance, a recently released relevant framework,
PRIESSTESS (https://academic.oup.com/nar/article/50/19/e111/6677328), should be
investigated. Authors should compare against it and consider this type of approach as a useful



resource to augment inputs to their network.

While the proposed predictive architecture is an improvement over PrismNet (with the above
caveat), the use of BERT, deep residual networks and self-attention is not particularly innovative.
The literature is already populated with similar “end-to-end” solutions. The authors need to
provide much more complete accounting of modern methods and more compelling explanation of
the novel aspects of their method.

The survey of tools that is included in the introduction has missed an entire large community that
performs these predictions on the protein side, by predicting RNA-binding proteins and RNA-
binding amino acids.

On a minor note, quality of writing needs substantial improvements. There are grammatical errors
(even in the abstract), some passages/sentences are poorly phrased, problems with articles, and
other issues. The article should be carefully copyedited by a skilled native speaker.



Authors Point-by-Point Responses to the Reviewers’ comments "Dynamic characterization and interpretation for protein-RNA
interactions across diverse cellular conditions using HDRNet" by Zhu et al. (NCOMMS-23-08167) submitted to Nature Com-

munications on 23rd-February-2023.

Reviewer #1:

Predicting RNA-RBP interactions in a dynamic manner across different cell lines is an important challenge for understanding
the interactions between RNAs and RBPs. In this manuscript, the authors present a novel deep-learning method called HDRNet
to address this problem. The method utilizes multi-source biological features, including dynamic global contextual information
and in-vivo RNA secondary structure profiles. The authors compare HDRNet with existing tools in multiple RBP datasets
and demonstrate its superior performance in both static and dynamic prediction tasks. Additionally, the authors perform motif
analysis and high-attention binding region identification to provide biological interpretability. Furthermore, the authors con-
duct potential genetic variants analysis and genome-wide functional studies for TDP-43 to better understand the associations
between dynamic RNA-RBP binding behavior and human diseases. The overall structure of the article is clear and the research

results are quite interesting. However, there are some comments that need to be addressed before publication.

Response: We would like to thank you for your insightful comments and suggestions. For the past 4 months, we have duly fol-
lowed your comments and suggestions to carefully address all the raised concerns as elaborated in the following responses. In
particular, we would like to thank you for your constructive comments that enabled us to improve our manuscript in numerous

ways. Thank you very much for your precious time and kind attention.

1. The authors employed icSHAPE to obtain in-vivo RNA secondary structures profiles. However, it is difficult to obtain struc-
ture profiles from icSHAPE for most of the given RNA sequences. Therefore, the authors should explore other RNA structure
representation methods such as RNAfold, a computational tool for predicting RNA secondary structure, as an alternative to

icSHAPE and demonstrate their impact on prediction performance.

Response: Thank you very much for your constructive comments. We agree that it is difficult to obtain structure profiles from
icSHAPE for most of the given RNA sequences. Therefore, to follow your suggestions, we conducted additional experiments
to explore other RNA secondary structure representation models including RNAfold (1) and two other in-vivo secondary struc-
tural characterization methods: DMS-seq (2) and DMS-MaPSeq (3). In addition, we also visualized the secondary structure of

RNA using those diverse structural features to illustrate the differences in RNA structural representations.

Supplementary Note 2: Comparing icSHAPE with other in vivo and computationally predicted secondary structure

profiles

To demonstrate the effectiveness of icSHAPE in our HDRNet model further, we conducted an experiment to compare icSHAPE
with other RNA secondary structure representation models, namely RNAfold (1) and two in-vivo secondary structural charac-
terization methods: DMS-seq (2) and DMS-MaPSeq (3). To ensure a fair comparison, we kept all other modules of HDRNet,

substituting only icSHAPE with the structural features derived from the comparative methods. The experimental results are
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summarized in Supplementary Fig. 2. As depicted in Supplementary Fig. 2a, the HDRNet model with icSHAPE for
structural representation outperformed HDRNet models with other structural features in identifying protein-RNA interactions.
We speculate that computationally predicted secondary structures could be obsolete and hence prone to artifacts. In contrast,
in-vivo secondary structure scores, representing the probabilities of nucleotide pairing, could potentially offer rich structural
information. Taking the SLTM protein dataset from K562 cells as an example, we subsequently utilized t-SNE to visualize the
embedding representation of HDRNet with various structural information. As illustrated in Supplementary Fig. 2b, icSHAPE
demonstrated a distinct division between positive and negative samples, with each group clearly situated on opposite sides.
However, for DMS-seq and DMS-MaPseq, positive and negative samples are considerably overlapped between the clusters,

whereas the performance of RNAfold was deemed suboptimal due to insufficient sample separation.

()
(b)
icSHAPE DMS-seq DMS-MaPseq RNAfold
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(C) icSHAPE SLTM_K562 ENST00000545688|356]456
DMS-seq
DMS-MaPseq
RNAfold

Supplementary Fig. 2. (a) Overall results of HDRNet using different structure information. HDRNet with icSHAPE performs best in both static and dynamic prediction tasks.
(b) The latent embedding of the learned features by HDRNet using different types of input structure features. (c) Left: The high attention binding region identified by HDRNet
with different input structure characterization. Right: The structural models predicted by RNAfold with the corresponding structural technology scores as constraints.

Supplementary Fig. 2c¢ provides a visual representation of the high-attention binding regions identified by different RNA

secondary structure representation models. Notably, icSHAPE and RNAfold, when used as the structural features within the
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HDRNet model, successfully captured continuous high-attention regions. Conversely, DMS-seq and DMS-MaPseq exhibited
a considerable number of missing positions, resulting in a lack of continuity in the regions they identify. Moreover, the RNA
models with those secondary structure features exhibit significant differences; for instance, icSHAPE could predict RNA mod-
els with greater structural heterogeneity and a higher number of nucleotide pairings. Conversely, RNAfold structures resembled
those constrained using DMS-MaPseq, suggesting that the performance of DMS-MaPseq in structure prediction may be vulner-
able to of missing positions. On this basis, we can conclude that these analyses not only highlight the effectiveness of icSHAPE
features but also underscores potential limitations. Since the acquisition of icSHAPE data relies on sequencing experiments,
RNAfold or other secondary structure prediction algorithms may serve as suitable alternatives for prediction tasks. These ob-
servations emphasize the importance of carefully selecting the most appropriate RNA secondary structure representation model

based on the specific requirements of the task at hand.

We also conducted further experiments to investigate and compare the performance of HDRNet by integrating RNA structure
information from different methods. Specifically, we explored multiple secondary structure features obtained from different
methods and then employed a concatenation strategy to integrate it into the HDRNet model. As demonstrated in Supplemen-
tary Fig. 3, our observations indicate that the performance of HDRNet was not further improved but slightly decreased by
integrating other secondary structure features. This observation indicates that those in vivo secondary structure information
provides a more accurate depiction of the RNA environment than the computationally predicted secondary structure informa-
tion (RNAfold), thus ensuring the performance of HDRNet. These results support the reliability of HDRNet and suggest that

the original HDRNet is sufficiently robust as a standalone model.
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Supplementary Fig. 3. Ablation comparison results of integrating RNA structure information from different methods. It can be observed that combining other features didn’t
further improve the performance of HDRNet.
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2. The authors compared HDRNet with other existing deep learning approaches but did not compare it with machine learning
algorithms. Therefore, the validity of HDRNet cannot be guaranteed, and the authors should include a comparison with ma-

chine learning algorithms.

Response: Thank you very much for your valuable and insightful comments. We agree that further efforts are necessary to
ensure the validity of HDRNet. We have followed your comments to conduct an experiment comparing HDRNet with seven
machine learning algorithms, namely XGBoost (4), Random Forest (RF) (5), Logistic Regression (LR) (6), Artificial Neural
Network (ANN) (7), ExtraTreeClassifier (ETC) (8), SGDClassifier (SGDC) (9), and GaussianNB (GNB) (10) in Supplemen-

tary Note 1. These algorithms are implemented using scikit-learn package (11).

Supplementary Note 1: HDRNet provides better performance than classic machine learning algorithms

To further demonstrate the effectiveness of our proposed HDRNet, we compared HDRNet with seven machine learning algo-
rithms, namely XGBoost (12), Random Forest (RF) (13), Logistic Regression (LR) (6), Artificial Neural Network (ANN) (7),
ExtraTreeClassifier (ETC) (8), SGDClassifier (SGDC) (9), and GaussianNB (GNB) (10). These algorithms were implemented
in scikit-learn package (14). The experimental results are shown in Supplementary Fig. 1. From the comparison results,
we have observed that HDRNet outperformed those machine learning algorithms across a substantial proportion of the RBP
datasets in both static and dynamic prediction tasks. As illustrated in Supplementary Fig. 1a, HDRNet achieved the highest
AUC in the static prediction task. It is worth noting that, among the compared machine learning algorithms, XGBoost exhibited
superior performance, whereas ETC performed the worst. ANN also produced comparable results, likely due to the proficiency
of the neural network framework for extracting features. However, ANN performed extremely poorly on certain RBP datasets,
with an AUC of 0.5, whereas HDRNet achieved an AUC exceeding 0.8. On the other hand, as depicted in Supplementary Fig.
1b, HDRNet consistently outperformed all compared machine learning algorithms in dynamic prediction tasks. Notably, the
dynamic prediction performance of ANN was degraded, compared to the static prediction performance. Overall, these results
highlight the benefits and advantages of the proposed HDRNet architecture, as the neural network framework alone performs

poorly in dynamic prediction.

3. The authors proposed a hierarchical deep neural network to extract sequence and structure features separately. However,
they did not combine the multi-source features at the beginning of the network. The authors should explain the advantages
of using hierarchical networks and the differences between the learned characteristics of hierarchical and non-hierarchical

networks.

Response: Thank you very much for your insights. We agree with you and have followed your comments to explain the advan-
tages on our chosen network architecture and differences. In HDRNet, we leverage multiple features to predict the binding sites
of RBP, including the sequence features generated by BERT, along with in vivo secondary structure information derived from
icSHAPE. From the perspective of feature dimensions, sequence features have 768 channels, whereas the secondary structure
features are vectors, corresponding in length to the sequence and possessing a single channel. Given the disparity in channel
dimensionality between those two types of features, we were concerned that integrating them at the beginning of the model

could potentially attenuate the representation of the secondary structure features, thereby affecting prediction performance and

Haoran Zhu | HDRNet bioRxiv | 4



(a)

o=
o

=
o

HDRNet{AUC)
=)
-

=
[

=
(0]

05 0.7 09
GaussianNB(AUC)

_.09 09
5 5
<08 < 08
*g I
Z 07 Zo07
=) =)
T o6 T o6

05 05

05 07 09 05 0.7 09
SGDClassifier(AUC) ExtraTreeClassifier(AUC)

(b)

Supplementary Fig. 1. (a) Scatter plot comparing AUC scores of HDRNet with other machine learning algorithms. (b) Comparative analysis of the overall dynamic prediction
performance between HDRNet and other machine learning methods, where "***" denotes a p-value < 0.001, "**" signifies a p-value < 0.01, and "*" indicates a p-value <
0.05.
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the identification of high-attention binding regions. To address this concern, we conducted an experiment to investigate the im-
pact of hierarchical networks versus non-hierarchical networks on the predictive performance of our proposed HDRNet. After
that, we visualized the latent embedding derived from the ablation of HDRNet to discern the disparities learned by hierarchical

and non-hierarchical networks.

To demonstrate the effectiveness of our chosen network architecture, we initially constructed a non-hierarchical HDRNet, re-
ferred to as HDRNet-nonhier, which combined multi-source features at the network’s inception. After that, a comparative
analysis was conducted between our proposed HDRNet and HDRNet-nonhier, evaluating their performance in both static and
dynamic prediction tasks. The comparative results are summarized in Supplementary Fig. 6a, revealing that the HDR-
Net, characterized by its hierarchical structure, exhibited significantly superior prediction performance compared to its non-
hierarchical counterpart (HDRNet-nonhier). Moreover, HDRNet, with its hierarchical architecture, demonstrated superior
performance in intercellular dynamic prediction. Furthermore, we performed feature correlation analysis and visualization
across different versions of HDRNet. For illustration purpose, we employed the TBRG4 protein dataset in HepG2 cells as a
representative sample, as depicted in Supplementary Fig. 6b. We can observe that HDRNet with a hierarchical structure has a
more distinct feature correlation and hierarchy than the non-hierarchical one. Therefore, sequence information and secondary

structure profiles can be normalized and fused, enriching the features learned by HDRNet to be robust.
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Supplementary Fig. 6. (a) Performance comparison of HDRNet with different hierarchical structures. The results demonstrate that the proposed hierarchical network
achieves superior performance in both static and dynamic prediction tasks. (b) Feature correlation analysis of different HDRNet versions. Notably, HDRNet exhibits substantial
feature correlation and feature hierarchy.
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4. The motif analysis and biological interpretability provided by the authors are interesting. However, the manuscript lacks a

detailed description of the motif calculation method. Therefore, the authors should include this part in an appropriate place.

Response: Thank you very much for the constructive comments. We agree with you and have followed your comments to
provide a comprehensive description of the motif calculation method in Supplementary Note 20, which is copied below for

easy reference:
Supplementary Note 20: Motif calculation

The multi-head self-attention mechanism has the capacity to accurately identify and decode significant genomic regions. In our
study, we leverage dynamic global contextual embedding to explore the biological functionalities of RNA sequences. More
explicitly, we computed the attention score for the i-th embedded k-mer token, denoted as Score; through the summation,
thereby identifying the transcript fragment in each RNA sequence that offers the most substantial contribution towards down-

stream classification, which can be formulated as follows:

cxp(Qbps - Ki/Vd)

T T @
n=1 Zt:l efﬂp(QCLs : Kt/\/a)

Score; =

where N symbolizes the number of attention heads, 7" represents the number of tokens in a given RNA sequence, Qg s de-
notes the query vector of the special tokens [CLS], K; denotes the key vector of the i-th k-mer token with i € {1,2,..., L} where
L denotes the number of input tokens, and d is the dimensionality of the feature vectors. After computing the attention score
for each token, we classified RNA fragments as RBP-binding motifs based on the following three criteria: (1) The attention
score of the fragment exceeds the average score of the sequence; (2) The attention score of the fragment is 10 times higher than

the lowest attention score; and (3) The minimum length of the fragment is 6.

5. The authors studied the effect of variant alleles within the high-attention binding region on RNA-RBP binding on the TDP-43
dataset. However, they only explored the sequence variation, and it is unclear whether this variation could lead to structural

changes in the sequence.

Response: Thank you very much for the insightful comments. Indeed, sequence homology and its relationships to structural
homology are always intriguing. To address your concerns, we have followed your comments to discuss the potential structural

changes led by sequence variations.

As depicted in Supplementary Fig. 16 from Supplementary Note 13, we visualized RNA models with significant structural
alterations. In particular, we employed RNAfold to predict and visualize the possible RNA structure after locus mutation, and
then compared it with the predicted secondary structures constrained by icSHAPE. Supplementary Fig. 16a summarizes the
high-attention binding regions of the NDUFA12-binding transcript variant (ENST00000547986) of TDP-43 identified by HDR-
Net in K562 cells, both before and after mutations, along with the corresponding predicted RNA secondary structure models.

From this figure, we can observe that the mutations occurring at positions 94971518 and 94971529 on chromosome 12 could

Haoran Zhu | HDRNet bioRxiv | 8



potentially lead to considerable change in the overall structure of the segment after the local variation; for instance, an A->U
mutation at position 25 of the sequence results in a loss of pairing with U at position 61, instead pairing with A at a closer

position, i.e. 47. Additionally, the AUUUUU fragment at positions 37 to 42 forms an expanded loop structure post-mutation.

Similar structural changes were also identified in transcript ENST00000517367, the NDUFB9 binding gene of TDP-43 in
HEK293 cells. As demonstrated in Supplementary Fig. 16b, the mutations at positions 124539290 and 124539313 on chro-
mosome 8 also lead to structural variants, where the C->G mutation at position 2 and the G->C mutation at position 25 result
in pairings that would not ordinarily occur in that segment: the G at position 2 paired with the C at position 100, and the C
at position 25 paired with the G at position 10. Furthermore, Supplementary Fig. 17 provides the influence of RNA base
mutations on global structural changes. As depicted in Supplementary Fig. 17a, the G->C mutation at position 40 within the
ENSTO00000276689 transcript does not modify the pairing behavior at that particular position; however it leads to an significant
alteration in the overall structure of the segment. Similarly, Supplementary Fig. 17b highlights the impact of the AA->UU
mutation at positions 47-48 in ENST00000517367, inducing a structural shift. For instance, the C at position 10 no longer
pairs with the G at position 23 but instead aligns with the G at position 70, while preserving its pairing behavior at the mutation
site. Overall, the above analysis illustrates that sequence variants may lead to substantial structural alterations within RNA

sequences, which in turn affects the binding behavior.

6. The authors provide a user-friendly web server for online static and dynamic RNA-RBP binding prediction, which is helpful
for biologists. However, the web server address is a digital IP instead of a domain name, making it unofficial. Additionally,
there is a lack of detailed instructions and potential bug previews in the web server. Furthermore, when uploading a .fasta file
with 1000 sequences, the results were returned in an acceptable time, but the authors should consider using a more advanced
server to increase the speed of operation. Finally, the authors should provide an option to download the results and an optional

visualization of the high-attention binding region.

Response: Thank you very much for your thoughtful comments. We apologize that our web server currently utilizes a dig-
ital IP rather than a domain name, which may detract from its perceived formality. We have obtained a domain name at
http://www.aibio-lab.com:5050/ for our server to enhance its credibility and ease of access. Then, we have followed your
comments to implement a help webpage, which is now linked in the heading section of the website, providing instructions and

potential bug previews. Its screenshot is copied below for your easy reference:
To improve the speed and the download process of the results, we have replaced the previous server with a more advanced one,

resulting in enhanced processing speed and efficiency. Furthermore, the results will be sent to users via emails, allowing users

to access the predicted results and the visualization of the high-attention binding region.
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Supplementary Fig. 16. Nucleotides mutation can potentially lead to local structural variations in RNA.
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Supplementary Fig. 17. Alterations in nucleotides can potentially induce variations in global RNA structure.
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Fig. 1. The newly developed help-webpage.
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Fig. 2. The newly developed help-webpage.
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Reviewer #2:

This manuscript by Zhu et al. presents HDRNet, a new deep learning-based approach to predict dynamic RNA binding pro-
tein (RBP) in different cellular contexts. The main components of the HDRNet pipeline consist of i) the generation of input
multi-source information by characterizing RNA sequence and structure profiles using BERT and the icSHAPE, respectively,
ii) the unified alignment of the sequence and structure feature representation maps, and iii) extraction, prediction, and scoring
to determine the prominent nucleotide tokens and RNA-protein interactions using the hierarchical multi-scale residual network
(HMRN) and the deep protein-RNA binding predictor (DPRBP). By comparing five baseline methods (PrismNet, DMSK,
iDeep, DeepBind and Graphprot) and subsequent evaluations, the authors demonstrate the robustness and better performance
of the proposed HDRNet pipeline. Moreover, HDRNet is employed to reveal the relationship between TDP-43 binding prop-
erties and disease-related genetic variants. The approach and results introduced by this study will be valuable for the RNA and
related research community. However, a revision will be required to further clarify the key analyses and data interpretation to

better illustrate the function and usage of the HDRNet pipeline.

Response: We would like to thank you for your insightful and helpful comments. For the past 4 months, we have duly fol-
lowed your comments and suggestions to carefully address all the raised concerns as elaborated in the following responses. In
particular, we would like to thank you for your constructive comments that enabled us to improve our manuscript in numerous

ways. Thank you very much for your precious time and kind attention.

1. Why is icSHAPE pipeline specifically used for generating RNA structure profiles? icSHAPE papers should be referenced
properly in the main text. Also, it would be helpful for authors to compare and discuss icSHAPE and other methods (e.g.,
icSHAPE-MaP, DMS-seq and related). Will integrating RNA structure information from different methods further improve the
performance of HDRNet?

Response: Thank you very much for your insightful comments. We carefully considered multiple factors when selecting ic-
SHAPE. One of the primary reasons is that the icSHAPE (15) pipeline allows for the generation of RNA structure profiles,
providing insights into the dynamic nature of RNA structure across the entire transcriptome from in vivo experiments, enabling
the global and accurate characterization of the relationship between RNA structure and RNA binding protein (RBP) interactions
(16, 17). This is essential for the design of our predictive models, as the RNA-protein interactions we are trying to predict are
fundamentally affected by these structural features. As such, our need for encapsulating these elements naturally led us towards

icSHAPE.

In particular, icSHAPE is a chemical modification-based approach which is known for providing the natural reflection on RNA
folding (18). Lastly, another key factor in our selection of icSHAPE is its widespread acceptance and usage within the research
community (16, 17). This tool has garnered significant support and is backed by high-quality data. The availability and quality
of these data, combined with icSHAPE’s well-documented track record, convinced us of the tool’s suitability for our applica-
tion and strengthened our choice (15). In addition, we recognize the importance of acknowledging and properly referencing
the foundational works that underpin our research. We have appropriately cited the relevant icSHAPE papers with 4 citations

(15-18) in our revised manuscript.
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Meanwhile, to address your second comment, we have followed your comment to conduct an experiment to explore other RNA
secondary structure representation models including RNAfold (1) and two other in-vivo secondary structural characterization
methods: DMS-seq (2) and DMS-MaPSeq (3). It is worth noting that we excluded icSHAPE-MaP from our comparison group,
as it is specifically designed for small RNA and does not provide RNA secondary structure information with sufficient length
coverage (19). Therefore, it was not suitable for our RBP datasets. In addition, we decided to include DMS-MaPseq data, an
evolved version of DMS-seq, in our analysis. DMS-MaPseq has proven to be highly effective in genome-wide and targeted
RNA structure probing, thereby providing a broad and comprehensive landscape of RNA structures (3). Finally, we compared
and discussed icSHAPE and other RNA secondary structure representation methods (RNAfold, DMS-seq, and DMS-MaPSeq)

in our HDRNet model to demonstrate its effectiveness.

Supplementary Note 2: Comparing icSHAPE with other in vivo and computationally predicted secondary structure

profiles

To demonstrate the effectiveness of icSHAPE in our HDRNet model further, we conducted an experiment to compare icSHAPE
with other RNA secondary structure representation models, namely RNAfold (1) and two in-vivo secondary structural charac-
terization methods: DMS-seq (2) and DMS-MaPSeq (3). To ensure a fair comparison, we kept all other modules of HDRNet,
substituting only icSHAPE with the structural features derived from the comparative methods. The experimental results are
summarized in Supplementary Fig. 2. As depicted in Supplementary Fig. 2a, the HDRNet model with icSHAPE for
structural representation outperformed HDRNet models with other structural features in identifying protein-RNA interactions.
We speculate that computationally predicted secondary structures could be obsolete and hence prone to artifacts. In contrast,
in-vivo secondary structure scores, representing the probabilities of nucleotide pairing, could potentially offer rich structural
information. Taking the SLTM protein dataset from K562 cells as an example, we subsequently utilized t-SNE to visualize the
embedding representation of HDRNet with various structural information. As illustrated in Supplementary Fig. 2b, icSHAPE
demonstrated a distinct division between positive and negative samples, with each group clearly situated on opposite sides.
However, for DMS-seq and DMS-MaPseq, positive and negative samples are considerably overlapped between the clusters,

whereas the performance of RNAfold was deemed suboptimal due to insufficient sample separation.

Supplementary Fig. 2c¢ provides a visual representation of the high-attention binding regions identified by different RNA
secondary structure representation models. Notably, icSHAPE and RNAfold, when used as the structural features within the
HDRNet model, successfully captured continuous high-attention regions. Conversely, DMS-seq and DMS-MaPseq exhibited
a considerable number of missing positions, resulting in a lack of continuity in the regions they identify. Moreover, the RNA
models with those secondary structure features exhibit significant differences; for instance, icSHAPE could predict RNA mod-
els with greater structural heterogeneity and a higher number of nucleotide pairings. Conversely, RNAfold structures resembled
those constrained using DMS-MaPseq, suggesting that the performance of DMS-MaPseq in structure prediction may be vulner-
able to of missing positions. On this basis, we can conclude that these analyses not only highlight the effectiveness of icSHAPE
features but also underscores potential limitations. Since the acquisition of icSHAPE data relies on sequencing experiments,
RNAfold or other secondary structure prediction algorithms may serve as suitable alternatives for prediction tasks. These ob-

servations emphasize the importance of carefully selecting the most appropriate RNA secondary structure representation model
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Supplementary Fig. 2. (a) Overall results of HDRNet using different structure information. HDRNet with icSHAPE performs best in both static and dynamic prediction tasks.
(b) The latent embedding of the learned features by HDRNet using different types of input structure features. (c) Left: The high attention binding region identified by HDRNet
with different input structure characterization. Right: The structural models predicted by RNAfold with the corresponding structural technology scores as constraints.
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based on the specific requirements of the task at hand.

We also conducted further experiments to investigate and compare the performance of HDRNet by integrating RNA structure
information from different methods. Specifically, we explored multiple secondary structure features obtained from different
methods and then employed a concatenation strategy to integrate it into the HDRNet model. As demonstrated in Supplemen-
tary Fig. 3, our observations indicate that the performance of HDRNet was not further improved but slightly decreased by
integrating other secondary structure features. This observation indicates that those in vivo secondary structure information
provides a more accurate depiction of the RNA environment than the computationally predicted secondary structure informa-
tion (RNAfold), thus ensuring the performance of HDRNet. These results support the reliability of HDRNet and suggest that

the original HDRNet is sufficiently robust as a standalone model.
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Supplementary Fig. 3. Ablation comparison results of integrating RNA structure information from different methods. It can be observed that combining other features didn’t
further improve the performance of HDRNet.

2. Are there sub-groups of binding events that are better characterized by HDRNet (e.g., high vs low AUC scores) or improved
at different levels by the newly developed HDRNet vs other methods (e.g., PrismNet)? What are the features associated with

these sub-groups (e.g., structural complexity or context variations)?

Response: Thank you very much for the constructive suggestions. Yes, there exists sub-groups of binding events that are better
characterized by HDRNet (e.g., high vs low AUC scores) or improved at different levels by the newly developed HDRNet vs

other methods (e.g. PrismNet).

In this part, we conducted a comparison between HDRNet and PrismNet, focusing on their performance across various cell
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lines, and the detailed results of this comparison are presented in Supplementary Fig. 7a. As demonstrated in this figure, we
can observe that HDRNet was consistently superior to PrismNet in all cell lines evaluated, with significant enhancement ob-
served in HEK293, HepG2, and K562 cells. To investigate it, we selected datasets from these three cell lines in which HDRNet
was at least 5% better than PrismNet. We then analyzed the performance gap between the proposed HDRNet and PrismNet
models for these datasets, as demonstrated in Supplementary Fig. 7b. We found that HDRNet showed a more significant
performance improvement in predicting multiple datasets in HEK293 cell line. For illustration purpose, we further explored
those RBPs in HEK?293 cell lines. To explore their relationships, we have mapped these RBPs into STRING (20) and then used
the the Markov Cluster Algorithm (MCL) with an inflation rate of 2.5 to cluster them, as demonstrated in Supplementary Fig.
7c. As can be seen from the figure, RBPs with similar biological functions are clustered together, while RBP datasets exhibit-
ing significant performance improvements are consistently grouped into the same functional clusters, e.g., 15% for FMR2 and
13% for FXR1, in the subclusters represented by the red nodes highlighted. Moreover, in this cluster, previous studies have
demonstrated that several RBPs (e.g., FXR2, FMR1, LIN28B) have the coexpression in the same tissues (21), which further

indicates that these RBPs in the cluster may have similar context or structures.

With the distinct subgroups identified, we proceeded with an analysis of the structural complexity of these RBPs. Initially,
we utilized HDRNet to scan the RBP datasets and extracted the high-attention 6-mer fragments that HDRNet identified most
frequently. Similar to PrismNet, we then calculated the structural complexity of these 6-mer fragments, generated the PWM
matrix and represented their structural motifs where the structure component using the labels “U” for unpaired nucleotide and
“P” for paired. As shown in Supplementary Fig. 7d, we observe that RBPs in the same subgroup show structural similarities.
For instance, the subgroup of NUDT21, CPSF2, and CPSF4 exhibited a prevalent preference for binding to paired structures,
whereas RBPs in the subgroup containing LIN28A demonstrated a higher tendency to interact with complex structure frag-
ments. Meanwhile, the binding region of FBL usually does not pair. These phenomena demonstrate the potential structural

differences between different subgroups.

To investigate context variations further, we explored the context variations between RBP clusters using 3-mer analysis, tailored
to the tokenization used by our dynamic global contextual embedding approach. In specific, we calculated the relative content
of each 3-mer token within each RBP dataset. Subsequently, we employed hierarchical clustering to group RBPs based on their
3-mer token content, thereby assigning RBPs with similar profiles to the same cluster. As shown in Supplementary Fig. 7e,
it can be seen that the results are in close agreement with the clusters we obtained through the STRING database; for instance,
RBPs such as FMR1, FXR2, LIN28A, and LIN28B were consistently assigned to the same cluster, while CPSF2 and CPSF4
were in a distinct cluster. These findings further support the notion that the 3-mer token with contextual information can serve

as an informative feature to identify different sub-groups of RBPs.
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Supplementary Fig. 7. (a) Performance comparison of HDRNet and PrismNet through different cell lines. (b) Performance gap between HDRNet and PrismNet through
HEK293, HepG2 and K562 cell lines. (c) Identified subgroups of RBP datasets in HEK293 cell line. (d) The integrative motifs identified by HDRNet on the RBPs within
different subgroups. The top half presents the high-attention 6-mer fragment identified by HDRNet most frequently, while the lower half displays the structural motifs of the
6-mer sequence, where 'P’ stands for paired, and ‘U’ indicates unpaired. (e) Heatmap representing the relative content of each 3-mer in the RBP binding site. RBPs with
similar relative contents were grouped into a cluster by hierarchical clustering.
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3. Related to 2), FMRI and FXR?2 binding site identification enhancement by HDRNet is highlighted as examples in the main
text. Is this only observed in HEK293 cells or also in other cells? What are the specific features associated with FMRI and

FXR2?

Response: Thank you very much for the constructive comments. According to your Comments 2, we observe that HDRNet
outperformed PrismNet across different cell lines. In particular, HDRNet’s superiority is not confined to HEK293 cells alone;
it also demonstrates excellent performance in HepG?2 and K562 cells; for instance, in the FMR1 dataset of the K562 cell line,
the performance of HDRNet improved by 5%, and in the FXR2 dataset of K562 and HepG2 cell lines, the performance of
HDRNet was boosted by 6% and 2%, respectively. To further explore the potential characteristics of FMR1 and FXR2, we also

conducted additional explorations into FMR1 and FXR?2 to elucidate the specific features associated with them.

Considering the intrinsic properties of FMR1 and FXR2 proteins, as previously mentioned, both FMR1 and FXR2 are members
of the fragile X mental retardation protein (FMRP) family and are co-expressed in the cytoplasm of specific differentiated
neurons (22). Despite being encoded by different genes located on chromosome X and chromosome 17, FMR1 and FXR2
share considerable similarity, with 60% sequence identity. Moreover, they display overlapping tissue distribution and have
been found to interact in vivo (23). Additionally, FMRP proteins exhibit substantial functional overlap in terms of translational

regulation and RNA-binding specificity (24), suggesting functional homology between FMR1 and FXR2 (25).

Furthermore, we investigated the potential properties of FMR1 and FXR2 in the context of RBP binding motifs. Firstly,
we focused on the 6-mer distribution of the binding sites of FMR1 and FXR2 across different cell lines. As detailed in
Supplementary Fig. 8a, we identified the top ten 6-mers with the highest enrichment in each dataset. Notably, the content
of these 6-mers demonstrated remarkable similarities, with CAGCAG being highly represented across datasets. Moreover, a
predominance of AG or CUG components within these 6-mers was noted, suggesting potential roles of AG and CUG in the

binding domains of FMR1 and FXR2.

To further investigate the binding characteristics of FMR1 and FXR2, we applied HDRNet to scan these datasets and tabulated
the 6-mer tokens with the maximum attention score in each sequence. The top ten high-attention 6-mers, most frequently
identified by HDRNet, are depicted in Supplementary Fig. 8b. This analysis revealed a consensus high-attention 6-mer,
CATGGA, in FMRI1 datasets, while CTGCTG was consistently found across FXR2 datasets. Noteworthy observations include
the presence of AGAAGA in the FMR1 dataset and AAGAAG in the FXR?2 dataset, corroborating the binding motif previously
suggested in (26). For a more precise visualization of binding properties, salient regions flagged by HDRNet are depicted in
Supplementary Fig. 8c, where AG-rich and CUG-rich regions are highlighted within FMR1 and FXR2 datasets respectively.
Interestingly, within the FMR1_HEK293 dataset, HDRNet accentuated the GGA segment, in spite of the prominence of the
CATGGA 6-mer. Simultaneously, in the FXR2_HepG?2 dataset, along with the underlined CUG region, HDRNet discerned
the AAGAAG motif. Correspondingly, the attention distribution derived from the dynamic global contextual representation
model further highlighted the AG-rich regions, as depicted in Supplementary Fig. 8d, where the constituent tokens comprise
AGAAGA, coinciding with the motif we previously identified. This demonstrates the preferential focus of HDRNet on the

regions enriched with AG, suggesting a potentially significant role of these AG-rich regions in the RNA binding process of
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Supplementary Fig. 8. (a) Bar chart of 6-mer contents for FMR1 and FXR2 across different cell lines. (b) Statistics of the most significant 6-mer regions identified by HDRNet
on the FMR1 and FXR2 datasets. (c) Visualization of the salient map detected by HDRNet, highlighting specific binding regions within the FMR1 and FXR2 datasets. (d)
Visualization of attention distribution using dynamic global contextual embedding, with attention concentrated in A/G-rich regions.

4. How does HDRNet perform for RBPs with high and low expression levels and for target RNA events with high and low

expression levels in different cellular contexts?

Response: Thank you very much for your insightful comments. To address your comments, we have conducted two additional
analyses: (1) Firstly, to evaluate the effectiveness of HDRNet across various expression levels of RBPs in both the same
and different cellular context, we obtained the expression levels of RBPs in HepG2 and K562 cell lines from the reference
(27) published in Nature, which provides a comprehensive collection of human RBPs in K562 and HepG2 cells from the
Encyclopedia of DNA Elements (ENCODE) project phase III, including the expression levels of RBPs across different cell
lines within the eCLIP dataset. After that, based on these expression levels, we discussed the performance of HDRNet on RBPs

with both high and low expression levels, where the average was set as the threshold border. Additionally, we further validated
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the effectiveness of HDRNet by examining differential RBPs between HepG2 and K562 cells; (2) To investigate the target
expression levels of RBPs, we identified RBPs with significant differences in target expression levels after RBP knockdown
experiments. Based on these RBPs, we analyzed the performance of HDRNet in capturing the changes in expression levels of

RBP targets. The specific analysis is copied below for your easy reference:

To observe the validity of HDRNet across various expression levels of RBPs in both the same and different cellular contexts,
we compared the performance of HDRNet with baseline methods separately on K562 and HepG2 cell lines. As illustrated in
Supplementary Fig. 9a, we observed that HDRNet exhibited superior static prediction performance for RBPs with varying
expression levels in different cell lines. Furthermore, we noted a slight improvement in HDRNet’s performance on RBPs
with higher expression levels compared to those with lower expression levels within the same cell line. Meanwhile, to further
investigate the relationship between RBP expression levels and the performance of HDRNet, we calculated their correlation. As
depicted in Supplementary Fig. 9b, we found a weak positive correlation between the performance of HDRNet, as measured
by metrics such as the AUC and RBP expression levels, suggesting that the binding sites of RBPs with higher expression levels

were more likely to be accurately recognized by HDRNet.

Then, we analyzed the relationship between the performance of HDRNet and RBP expression levels from the perspective of
dynamic prediction. As demonstrated in Supplementary Fig. 9¢, we first computed the correlation of RBP expression levels
in the K562 and HepG?2 cell lines. We found a strong positive correlation between the RBP expression levels in these two cell
lines, indicating similar RBP expression patterns between them. Therefore, we evaluated the dynamic prediction performance
of HDRNet based on these categorizations. As depicted in Supplementary Fig. 9d, consistent with the static prediction results,
HDRNet exhibited the most accurate dynamic predictive performance for these RBPs. However, it is worth noting that there
are differentially expressed RBPs between the two cell lines. To identify these differentially expressed RBPs, we employed
the DESeq2 package, as described in the reference (27). A total of 35 RBPs were identified, of which 15 were differentially
expressed RBPs in K562 cells, and 20 were differentially expressed RBPs in HepG2 cells. Supplementary Fig. 9e visualizes
the performance of HDRNet on these differentially expressed RBPs, confirming its superior performance in both cases. Based
on these results, we further investigated whether the expression levels of RBPs influenced the dynamic prediction performance
of HDRNet. As displayed in Supplementary Fig. 9f, we observed that the binding sites of RBPs with higher expression levels

were more easily identified during the dynamic prediction process.

On the other hand, we conducted further analysis to evaluate the performance of HDRNet on RBPs with different target ex-
pression levels. RBPs play a crucial role in regulating gene expression by interacting with RNA and forming ribonucleoprotein
complexes. However, the ENCODE project data (27) for RBPs in K562 and HepG?2 cells does not provide expression values
for their target RNAs, making it challenging to directly measure the high and low expression levels of target RNA events.
Nevertheless, they have employed RNA sequencing after depleting RBPs using short hairpin RNA (shRNA) or CRISPR
to investigate RBP target binding site functionality and examined expression level differences before and after knockdown
(27). On this basis, there are 4 RBPs including DD3X3, DDX6, LARP4 and RBM15 that have previously been identified as
RNA decay factors. After RBP-knockdown experiments, their target genes exhibited upregulation in specific cell conditions
(knockdown-increased), indicating that these RBPs are associated with low expression levels of their target genes. Similarly,

there are 6 RBPs including AKAP1, DDX55, APOBEC3C, FMR1, CPSF6, and IGF2BP3 that have been previously recognized
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Supplementary Fig. 9. (a) Static prediction performance comparison of HDRNet and baseline models on different expression levels of RBPs. (b) The correlation between
HDRNet's performance and RBP expression levels. (c) The correlation of RBP expression levels between K562 and HepG2 cell lines. (d) The performance comparison of

HDRNet on RBPs with identical expression levels across cell lines. (e) The performance comparison of HDRNet on differentially expressed RBPs across cell lines. (f) The
correlation between RBP expression levels and HDRNet's dynamic prediction performance.
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to increase the stability of RNA targets; and their target genes showed downregulation after RBP knockdown in specific cell
contexts (knockdown-decreased), indicating that these RBPs are associated with higher expression levels of their target genes.
With these target RNA events with high and low expression levels, we first examined the static predictive performance of
HDRNet on the specific cell line data for these RBPs. As depicted in Supplementary Fig. 10a,b, HDRNet consistently
achieved the best performance and showed significant improvements compared to other baseline methods. For instance, in
the RBM15_K562 dataset, HDRNet shows its performance gain of 8% over PrismNet; in the FMR1_K562 dataset, only
HDRNet’s AUC metric exceeded 0.9. These results indicate that HDRNet is capable of accommodating RBPs with different
target expression levels and effectively identifying their binding characteristics. Furthermore, we selected those RBPs within
this cohort that allowed for dynamic prediction and compared HDRNet’s dynamic predictive performance. As demonstrated
in Supplementary Fig. 10c,d, HDRNet also exhibited superior performance in dynamic prediction as well. For example, we
observed a performance improvement of over 10% for RBM15 when comparing HDRNet to PrismNet. Notably, other baseline
methods displayed considerable instability in the dynamic prediction tasks; for instance, DMSK failed to accurately identify
the binding sites of DDX3X, and PrismNet performed poorly on AKAP1, with an AUC below 0.7. These results further

validate the adaptability and robustness of HDRNet to RBPs with different target expression levels.

5. In addition to cell lines, how does HDRNet perform for predicting dynamic RNA-protein interactions in vivo tissue contexts
(normal or disease conditions)? Is the model trained using cell line data (e.g., K562 and/or HepG?2) sufficient for predicting
dynamic interactions in tissues? Or additional tissue data are required. Examples, such as CLIP-Seq data from in brain,
heart, muscle, and myoblasts (Wang et al. Cell 2012, PMID: 22901804), could be useful to further explore and compare the

applications of HDRNet in different contexts?

Response: Thank you very much for the constructive comments. We agree that additional tissue data are needed to further
explore and compare the applications of HDRNet across different contexts. To address your concerns, we have followed
your comments to conduct three additional experiments to explore and compare the predictive capabilities of HDRNet for
dynamic RNA-protein interactions across different tissue contexts: (1) We first collected MBNL2 HITS-CLIP binding profile
in brain to explore the dynamic prediction performance of HDRNet in normal and disease conditions; (2) We obtained two
additional eCLIP datasets, DGCR8 and HNRNPU, from adrenal tissues provided by ENCODE to validate whether HDRNet,
trained on K562 or HepG2 cell line data, could accurately predict binding behavior in tissue contexts; (3) Following your
recommendations, we compiled CLIP-seq data of MBNL1 from multiple tissues in mice to further validate the efficacy of

HDRNet for dynamic prediction across various tissues.

To demonstrate the effectiveness of HDRNet in both normal and disease conditions, we have meticulously curated the MBNL2
(Muscleblind Like Splicing Regulator 2) binding peak data (28) (GEO accession: GSE68890) in human brain tissues from
POSTAR (29). This data source is comprised of five distinct datasets, including autopsy tissues (hippocampus and frontal
cortex) from the patients with myotonic dystrophy type 1 (DM, 2 datasets), myotonic dystrophy type 2 (DM2, 1 dataset of
hippocampus), and control subjects (2 datasets), where DM1 and DM2 are progressive and multi-systemic neuromus-cular
disorders, originating from the aberrant sequestration and activation of RNA processing factors and RAN translation. Then, we

consolidated replicate data within each dataset and standardized the binding peaks to a length of 101 nucleotides. Subsequent

Haoran Zhu | HDRNet bioRxiv | 24



(a) Knockdown-increased (b) Knockdown-decreased

(©) (d)

Supplementary Fig. 10. (a) The performance comparison of HDRNet on RBPs with lower target expression levels. (b) The performance comparison of HDRNet on RBPs
with higher target expression levels. (c) The comparison of HDRNet's dynamic prediction performance on RBPs with lower target expression levels. (d) The comparison of
HDRNet's dynamic prediction performance on RBPs with higher target expression levels.
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evaluations of the dynamic prediction performance on these tissue datasets involved HDRNet, along with baseline models
including PrismNet, DMSK, iDeep, GraphProt, DeepBind, and PRIESSTESS. Firstly, the evaluations focused on cross-tissue
dynamic prediction experiments under single conditions, such as normal-normal and DM1-DM1 predictions. As shown in
Fig. 4a, HDRNet consistently outperformed the other models across both conditions. Notably, we observed a significant
performance gap between HDRNet and PrismNet in the cross-tissue prediction task, while PRIESSTESS failed to identify the
binding sites of MBNL?2 in the DM1 frontal cortex dataset, rendering it incapable of performing the dynamic prediction task.
Then, to validate the efficacy of HDRNet in capturing dynamic tissue conditions between normal and diseases, we conducted
experiments on cross-condition dynamic predictions, such as, we used the model trained on normal control tissue data to
predict binding sites in disease tissues. As shown in Fig. 4b, HDRNet maintained strong dynamic prediction capabilities
in cross-condition dynamic prediction. It achieved the highest AUC metric of 0.8, with an AUC difference exceeding 10%
compared to PrismNet. These results demonstrate that HDRNet can effectively learn the binding patterns of RBPs across
diverse conditions. Additionally, as highlighted in Fig. 4c and Supplementary Fig. 11a, HDRNet exhibited a robust capacity
to detect and accurately capture disease-related high-attention binding regions. These regions represent the critical interaction
sites between MBNL2 and DM1 extended CUG repeats and DM2 CCUG expansion RNAs, which are pathophysiological
hallmarks of myotonic dystrophies, as previously revealed in (28, 30). By successfully capturing these regions, HDRNet not

only aids in identifying key molecular interactions but also enhances our understanding of disease mechanisms.

To further investigate the predictive capabilities of our proposed model regarding dynamic interactions in tissues, we conducted
an experiment to predict two additional eCLIP RBP datasets from adrenal tissues obtained from ENCODE, namely DGCRS
and HNRNPU. The experiment results are summarized in Supplementary Fig. 11b, where our model achieved the highest
AUC metric. As depicted in this figure, we can observe that HDRNet achieved identical performance in dynamically predicting
RBP binding in both K562 and HepG2 cell lines, while other baseline methods exhibited variability in performance when
using models trained on different cell lines for dynamic prediction. This observation further highlights the ability of HDRNet
to identify RBP binding patterns across different sources of RBP binding data. Interestingly, we also observed that PrismNet,
although slightly inferior to HDRNet, showed improved performance on the new eCLIP data compared to the previous MBNL?2
data. We speculate that this improvement is due to the fact that the PrismNet model was specifically designed based on eCLIP
data. In particular, the static encoding within PrismNet limits its performance on other platforms. In addition, our observations
revealed that the HDRNet model, trained on cell line data, successfully highlighted significant binding regions in the tissue
binding data which were functionally relevant; for example, focusing on the DGCRS protein, it has been reported to bind to
extended CGG repeat sequences, leading to partial sequestration of DGCRS8 in CGG RNA aggregates, consequently reducing
the processing of miRNAs (31). In Supplementary Fig. 11c, we can observe that HDRNet effectively identifies the dynamic
CGG repeat binding region, indicating its capability to dynamically identify RBP binding patterns. Additionally, HDRNet
accurately identified the G-rich binding region of HNRNPU, as depicted in Fig. 4d. Notably, upon visualizing potential RNA
models, we discovered that the identified G-rich binding regions predominantly corresponded to G-quadruplex structures,
which are stable secondary structures formed by G-G base pairs. Indeed, as reported by (32), HNRNPU exhibits a preference
for recognizing G-quadruplexes in RNAs as binding motifs. These results highlight the robustness of HDRNet on RBP data
across different platforms, demonstrating that HDRNet with K562 and HepG?2 cell line data is sufficient to accurately predict

dynamic interactions in tissues.
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Fig. 4. (a) Performance comparison of MBNL2 dynamic prediction in different tissues in human brain. (b) MBNL2 dynamic binding prediction performance comparison
across normal and disease conditions. (c) The high attention binding region of MBNL2 in DM2 hippocampus dataset captured by HDRNet. HDRNet successfully identifies
the disease-related RNA repeats. (d) HDRNet identifies the salient DGCR8 binding region of G-rich segment with the G-quadruplex structure. () HDRNet outperforms other
baselines in the dynamic prediction tasks on mice tissues, using model trained on C2C12 dataset.

Haoran Zhu | HDRNet bioRxiv | 27



(a)

- DM1: hippocampus, ——===
chr6:108565577-108565678

DM1: frontal cortex,
chr1:248824721-248824822

- am wm o

A

DM2: hippocampus,
chr1:818091 04—81809205(

(b) (©

DRCRB _tissue =~ = c e e ooooo-o- -
chr19:2015492-2015593

Supplementary Fig. 11. (a) The salient map of the high attention binding region captured by HDRNet. HDRNet successfully identifies the disease-related RNA repeats.
(b) Performance comparison of DGCR8 and HNRNPU dynamic prediction, using the model trained on cell line data. (c) HDRNet identifies the CGG-rich region of DGCR8
binding patterns.
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Lastly, we have also followed your comments to add the direct regulatory targets of MBNL1 (Muscleblind Like Splicing
Regulator 1) in brain, heart, muscle, and myoblasts from mice (Wang et al. Cell 2012, PMID: 22901804) (30) from the
CLIP-Seq data to further explore the performance of HDRNet in different contexts. In particular, we collected a total of five
datasets (GEO accession: GSE39911), including two from the brain (129Brain, B6Brain), one from muscle (B6Muscle), one
from heart (B6Heart), and one from myoblasts (C2C12 cells), where 129 and B6 are individual mouse ID numbers. The
experimental results, as illustrated in Supplementary Fig. 12a and Fig. 4e, demonstrate that HDRNet provided performance
improvements compared to other baseline methods, resulting in an increase in AUC from 5% to 10%. Meanwhile, it is
important to note that MBNL1 and MBNL?2 are both members of the muscleblind-like (MBNL) protein family, and therefore
MBNLI shares similar binding patterns with MBNL2, as discussed previously, showing binding specificity to CUG and CCUG
pathological expansions (28, 30). As illustrated in Supplementary Fig. 12b, HDRNet can dynamically distinguish these
diseases-related RNA repeats sequences using models trained on different MBNL1 binding data, indicating that HDRNet can
effectively extract RBP binding properties from the RBP binding data in different physiological environments. In summary,
these results demonstrate the comprehensiveness of HDRNet in the task of dynamic prediction of RBP binding sites in multiple

tissues.

Minor comments:

1. Some supplementary notes figures (e.g., 1, 4 ...) are not referenced in the main text.

Response: Thank you very much for the valuable comments. We apologize for some supplementary notes and figures that not
referenced in the main text. We have referenced the supplementary notes and figures in the appropriate sections of the main
text. Then, we (the first author and corresponding authors) have checked the revised manuscript in multiple rounds again to

avoid this kind of situation.

2. Page 12: "transformation to the variant allels" -> alleles and improper citation "[cite:bardou2014jvenn]".

Response: Thank you very much for your careful comments. We have corrected the spelling errors and improper citations
there. In addition, we (the first author and corresponding author) conducted several more rounds of proofreading the manuscript

to ensure that these errors would not reappear.

3. Further clarification for static and dynamic protein-RNA interactions would be helpful, including the authors’ choice of
dynamic embedding model BERT and the impact and limitations of input data from different contexts (e.g., different cell lines,

tissues, and disease conditions).
Response: Thank you very much for the constructive comments. We apologize for the insufficiently detailed description

about the static and dynamic protein-RNA interactions. We appreciate your suggestions and have followed your comments to

describe them in Introduction, which is copied below for your easy reference:
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Supplementary Fig. 12. (a) Performance comparison of MBNL2 dynamic prediction performance using model trained on 129Brain date of mouse. (b) Salient binding regions

identified by HDRNet under dynamic conditions.
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Introduction

In parallel, the establishment of links between RBPs and their targets from the perspective of RNA sequences enables
understandings on the regulation mechanism. A variety of efforts have been developed to address it in identical cellular
conditions, referred to as static protein-RNA interactions; for instance, Deepbind (33) was developed to understand RBP
binding preferences in RNA sequence data using a deep neural network (DNN). Ilan et al. developed DLPRB (34), a new
DNN approach based on convolutional neural networks (CNN) and recurrent neural networks (RNN) for learning intrinsic
RBP binding preferences and predicting novel interactions. Pan et al. developed iDeep (35), a hybrid convolutional neural
network and deep belief network-based model to predict the RBP interaction sites and motifs on RNAs. Daniel et al. proposed
GraphProt (36) that integrates sequence and computationally-predicted RNA secondary structure information into graph-kernel
features. Laverty et al. introduced PRIESSTESS (37), a universal RNA motif-finding/scanning strategy capable of identifying
enriched RNA sequence and/or structure motifs that are subsequently reduced to a set of core motifs by logistic regression with
LASSO regularization. However, these methods only account for a specific cellular condition and are hence limited in their

ability to predict RNA-protein interactions in other cell lines while considering the dynamic contexts.

Indeed, the binding behavior of RBP-RNA interactions has been demonstrated to be dynamic in different cell types, as it is
influenced by different cellular or tissue environments (38). In other words, the binding sites of the RBP that are exclusively
present in specific cells or tissues can be designated as dynamic protein-RNA interactions. Recently, a new deep learning-based
method called PrismNet (26), was developed to accurately predict dynamic RBP binding in various cellular conditions by
integrating in vivo experimental RNA structure information (39). Nonetheless, unfortunately, we conceive that there are
still room for improvements; for instance, the architectural design of the deep neural network with in PrismNet can still
be investigated in the context of neural network architecture search, indicating the potential for further improvements in
RBP-RNA binding prediction. In addition, the one-hot encoding representation in PrismNet exhibits limitations that may
hinder its ability to capture RNA features globally. Furthermore, the heterogeneity of transcripts results in widely sequential
relationships across different contexts, such as various cell lines, tissues, and normal or disease conditions. The one-hot
encoding may overlook this contextual information, treating each position independently and potentially missing crucial
sequence patterns. Therefore, it is crucial to address these limitations by exploring alternative coding methods to leverage the

contextual and sequential nature of RNA sequences.

The contextual relationship has been a focus of increasing attention, as word embedding techniques (40—42) have proven to be
effective frameworks for automatically encoding RNA sequences due to their syntactic, lexical, and semantic similarities to hu-
man language (43). On this basis, much effort has been devoted to the application of advanced NLP techniques in RNA-related
problems (44—46). However, most existing research on the application of NLP techniques in RNA-related problems has relied
on static embedding models such as Word2Vector (47), GloVe (41), Doc2Vector (42) and FastText (48). Similar to one-hot
representation, static embedding methods maintain the same nucleotide encoding across all contexts, which leads to fail to
capture the context-based dynamic semantic information of RNA sequences and therefore cannot represent RNA sequence

features globally. Moreover, static embedding does not capture the underlying information of nucleotide sequences in different
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cellular contexts, thus limiting the ability of dynamic prediction in other cellular conditions. To address this knowledge
gap, we propose to adopt and customize the Bidirectional Encoder Representations from Transformers (BERT) model (49)
to learn the context-dependent information of RNA sequences, which can generate robust expressions containing the global
contextual information by pre-training with a large-scale unlabeled text corpus in a self-supervised fashion. In contrast to
static embeddings where nucleotide embeddings remain the same regardless of the context, the primary advantage of dynamic
embeddings lies in their ability to generate context-specific features in different nucleotide contexts. Moreover, considering
the heterogeneity of transcripts under different cellular, tissue, or physiological conditions (e.g., normal or diseased), dynamic
embeddings can overcome the limitation of a single representation for diverse contextual sequences, enriching the global
features of the sequences and surpassing the performance bottleneck in dynamically predicting RBP binding sites. Therefore,
by leveraging the advantages of the transformer model, we adopt the BERT model to encode RNA sequences in dynamic
embedding vectors that then contain rich, global contextual semantic information for identifying dynamic RNA-binding events

between different cell lines, tissues, or physiological conditions (normal or diseased). - ----

4. A better description of the candidate drug prediction analysis in Fig. S10 (also highlighted in Fig. le) would be helpful.
How many neurological disease-associated genes (68 genes from Supplementary Note 6 or 28 genes from Fig. 8c) are used for

the analysis?

Response: Thank you very much for the critical comments. We used the identified the 68 neurological disease-associated
genes from Supplementary Note 6 (now Supplementary Note 14) for the candidate drug prediction analysis. We have
clarified it and have followed your comments to make a more detailed descriptions about the candidate drug analyses, which is

copied below for your easy reference:

Considering all 68 identified genes associated with neurological diseases as potential drug targets, we employed Enrichr
to access the Drug Signatures Database (DSigDB) and conducted an analysis to identify potential drug molecules for the
treatment of neurological diseases, using transcriptomic signatures. As shown in Supplementary Table 2, we extracted the top
10 chemical compounds that could be potential candidates for neurological diseases therapies based on the p-Value< 0.001;
for instance, we identified ambroxol, a mucolytic compound predominantly prescribed for respiratory conditions like chronic
bronchitis (50). Interestingly, recent studies have uncovered ambroxol’s role as a pharmacological chaperone for glucosyl-
ceramidase (GCase), an enzyme that is often found to have reduced activity in the brains of Parkinson’s disease patients,
potentially contributing to the degeneration of dopaminergic neurons (51). Given ambroxol’s ability to augment GCase levels,
it holds promise as a potential disease-modifying intervention for Parkinson’s disease (52-54). Moreover, ambroxol is also a

candidate drug for Amyotrophic Lateral Sclerosis as it promotes and protects motor units and improves axonal plasticity (55).

We also extracted Metformin hydrochloride, a well-known antidiabetic medication commonly used to manage type 2 diabetes.
However, emerging studies have suggested that metformin may have a role in the regulation of neurological systems (56).
Indeed, research has indicated that Metformin has the potential to delay the progression of Alzheimer’s disease by improving
insulin sensitivity and reducing inflammatory responses (57, 58). Moreover, evidence suggests that metformin could provide

neuroprotection by activating the AMP-activated protein kinase (AMPK) pathway, which could help alleviate symptoms of
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Parkinson’s disease, as in Katila et al. (59). Another compound we extracted was Carfilzomib, a specific proteasome inhibitor
primarily used for the treatment of multiple myeloma, particularly in cases that are refractory to other treatment modalities or
have relapsed (60). Extensive research has been conducted on the relationship between the proteasome and neurodegenerative
diseases, such as Alzheimer’s disease, Parkinson’s disease, and Huntington’s disease (61-63). Under these conditions, the
abnormal accumulation of specific proteins could lead to neuronal damage and death (63, 64). Intriguingly, Carfilzomib
functions as an epidermal growth factor receptor (EGFR) inhibitor, which has been reported to be associated with susceptibility

to Parkinson’s disease (65, 66).
In conclusion, our candidate drug prediction analysis identified several promising drugs with potential value for the treatment

of neurological disorders. These findings warrant further investigation and provide possible insights into novel therapeutic

strategies for those complex conditions.
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Reviewer #3:

This is a new method for the prediction of protein-RNA interactions in the RNA sequences. It relies on a deep network and
several input types. I appreciate a comprehensive nature of the empirical comparisons and the downstream analysis of the

results. The ablation analysis is also a plus. However, I have a few concerns.

Response: Thank you very much for the critical and helpful comments. For the past 4 months, we have duly followed your
comments and suggestions to carefully address all the concerns as elaborated in the following responses. In particular, we
would like to thank you for your critical comments which have improved the manuscript in numerous ways. Thank you very

much for your precious time and kind attention.

1. PrismNet was published over 2 years ago and may no longer represent state of the art in the field. Authors heavily rely on
this approach as motivation for their own solution. More recent methods should be surveyed and considered. For instance,
a recently released relevant framework, PRIESSTESS (https://academic.oup.com/nar/article/50/19/el111/6677328), should be
investigated. Authors should compare against it and consider this type of approach as a useful resource to augment inputs to

their network.

Response: Thank you very much for your insightful comments and for bringing the PRIESSTESS framework (37) to our at-
tention. We have added and cited it to the reference list on the revised manuscript. We appreciate your suggestion to consider
recent methods in our study, and agree that it is crucial to stay updated with the latest advancements in the field. Meanwhile,
we have thoroughly investigated the PRIESSTESS framework and found that it indeed offers a unique approach for feature
representation, which complements the methodology used in PrismNet and our proposed model. We appreciate the strengths
of PRIESSTESS, particularly its two-step process in motif generation and aggregate model creation, which provides a compre-

hensive representation of RNA sequence and structure. Its citation has been added on the revised manuscript.

To address your concerns, we have added the PRIESSTESS method to our comparison group on those 261 RBP datasets
across both static and dynamic cellular conditions. In addition, we have considered the potential of integrating aspects of the

PRIESSTESS framework to augment the inputs of our network. It is copied below for your easy reference:

------ Circos plot in Fig. 2a shows the overall experimental results of HDRNet compared to the other methods across the 261
RBP datasets. As depicted in this figure, we notice that HDRNet consistently outperformed other approaches. In particular,
our model substantially enhanced the performance in identifying FMR1 and FXR2 binding sites in HEK293 cells; for instance,
FMR1: PrismNet = 0.67 vs. HDRNet = 0.80; FXR2: PrismNet = 0.71 vs. HDRNet = 0.87. Moreover, we conducted additional
analyses on the associated characteristics of FMR1 and FXR2, identifying their specific features (Supplementary Note 6, Sup-
plementary Fig. 8). Meanwhile, we notice that HDRNet outperformed PRIESSTESS on almost all datasets. This discrepancy
may arise from the fact that PRIESSTESS is highly dependent on the motif extracting process in the initial stage, and may not
be able to identify salient patterns across the datasets with insufficient binding patterns, resulting in a limited training feature
set. Moreover, the size of the dataset also plays a crucial role in influencing the efficiency of motif recognition. When the

dataset is relatively small, it can potentially result in inaccuracies or the failure to recognize motifs, consequently diminishing
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the predictive performance. In addition, the logistic regression model based on LASSO regularization within PRIESSTESS
could yield suboptimal performance when confronted with nonlinear decision boundaries, while deep learning methodologies
tend to exhibit more favorable outcomes. Although PRIESSTESS demonstrated suboptimal performance, its unique Motif
extraction process could potentially enhance HDRNet, as illustrated in Supplementary Note 3 and Supplementary Figs. 4-5. In
the violin plot of Fig. 2b, we observe that our proposed HDRNet performed more consistently and had better prediction perfor-
mance on the majority of the datasets than the competing approaches. The reason for the improved performance may come not
only from the self-supervised capability of the transformer that captures the global contextual and semantic information of the
RNA sequences but also from the ability of the proposed network architecture to learn and transform long-range dependencies.
We also provide the receiver operating characteristic (ROC) curve of the first four datasets that are plotted in Fig. 2c. The ROC
curve analyses demonstrated that HDRNet had a higher true positive rate (TPR) compared to the other methods, indicating that

HDRNet has a higher sensitivity for identifying RBP binding sites. ------

New insights by characterizing RNA binding events between different cell lines in a dynamic manner

~~~~~~ Fig. 3a provides the heatmap of the dynamic prediction results, from which we can see that the proposed HDRNet
outperformed the other methods for both K562 and HepG2 predictions while Deepbind performed the worst across the ma-
jority of datasets, with either the lowest AUC value or being incapable of making dynamic predictions. When predicting the
RBP sites in K562 cells after training on HepG2 cells, the average AUC result of HDRNet was 0.79, which is 4% higher than
PrismNet. In particular, the AUC results of RBM15 and XRN2 RBPs are 12% and 9% higher than PrismNet, respectively.
Similarly, predicting HepG2 cells binding sites after training on K562 cells, the average AUC result of HDRNet was also 4%
better than PrismNet. The results for RBM15, SF3B4 and SLTM also showed significant improvement over PrismNet, with
the performance gains of 9%, 11% and 9%, respectively. Meanwhile, we also notice that HDRNet substantially outperformed
PRIESSTESS for the dynamic tasks with higher AUC values while PRIESSTESS outperformed Deepbind, GraphProt, iDeep
and DMSK in terms of dynamic prediction. Fig. 3b shows the predicted vs observed binding sites of HNRNPA1 on the
MT-NDS transcript. According to eCLIP, the MT-ND5 transcript contains 11 HNRNPA1 binding sites in HepG?2 cells, and 6
binding sites in K562 cells. We found that HDRNet correctly predicted all 11 binding sites within the MT-ND5 transcript in
HepG?2 cells with no false positives, by using the model trained on K562 cells. In contrast, DeepBind and GraphProt, correctly
predicted only 2 of the 11 sites, and iDeep and DMSK correctly predicted 4 of the 11 sites, and PrismNet and PRIESSTESS
correctly predicted 7 of the 11 binding sites. Fig. 3c depicts the ROC curves of the first two datasets. Similar to the before

AUC results, HDRNet had superior dynamic prediction than the other methods supported by better TPR values. ------

For the last comment, we understood your concerns and have followed your comments to consider the PRIESSTESS method
as the feature representation to augment inputs to our model. In the original study, PRIESSTESS was introduced as a universal
RNA motif-finding/scanning strategy capable of identifying enriched RNA sequence and/or structure motifs. To incorporate the
PRIESSTESS feature representation into our model, we employed a step-by-step approach. First, we used RNAfold to predict
the secondary structure of each sequence and annotated them using the seven alphabets annotation described in PRIESSTESS.
Then, we utilized the STREME tool to extract enriched motifs within each alphabets annotation, generating Position Frequency
Matrices (PFMs) for each motif. For each annotation, we scanned the obtained PFMs on the data. To create an augmentation of

HDRNet, we calculated the sum of the top four scores per sequence for each PFM. This augmentation, derived mainly from the

Haoran Zhu | HDRNet bioRxiv | 35



(a)

HDRNet
PrismNet
DMSK
iDeep
GraphProt
DeepBind
PRIESSTESS

(©

iDeep

Fig. 2. HDRNet predicts RBP binding events more accurately than other state-of-the-art methods. (a) The Circos heatmap of the respective AUC scores of HDRNet vs. other
methods, including PrismNet, PRIESSTESS, DMSK, iDeep, GraphProt, and DeepBind on all 261 RBP datasets. (b) The violin plot of the overall results of HDRNet and the
other methods. (c) The ROC curve on the first 4 RBP datasets using HDRNet and the other methods. (d) t-SNE clustering results of the output features of HDRNet and the
other baseline methods.
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Fig. 3. HDRNet successfully performs dynamic RBP binding predictions in both K562 cells and HepG2 cells. (a) The heatmap of the respective dynamic prediction AUC
scores of HDRNet and other baseline methods, including PrismNet, PRIESSTESS, iDeep, DMSK, GraphProt, and deepbind. (b) Predicted vs observed binding sites of
HNRNPA1 on the MT-ND5 transcript. Green/Brown, observed binding sites in K562/HepG2 cells by eCLIP, used as the training/ground truth reference data; Blue and red
indicate, respectively, true positive and false positive predictions in HepG2 cells, based on the models trained using K562 data. (c) The dynamic prediction ROC curve of the
first two RBP datasets using HDRNet and the other methods. (d) t-SNE clustering results of the output features of HDRNet and the other baseline methods in a dynamic
manner.
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sequence-structure motifs, was integrated into the icSHAPE feature to enhance the expression of the structure profiles. Specif-
ically, we employed a fully connected network to adjust the feature length to match with that of icSHAPE and then summed

them together.

After that, we conducted experiments to verify whether the augmented features can further impact the performance of HDR-
Net. As depicted in Supplementary Fig. 4, our results demonstrate that the average performance of HDRNet after feature
enhancement was equal to the original features in static prediction task and showed a very slight decrease in the dynamic pre-
diction task, as illustrated in Supplementary Fig. 5. However, it is worth noting that we observed significant improvements
in the performance of the model after data augmentation on certain datasets. For instance, in the C170RF85_HEK293 and
TNRC6A_HEK?293 datasets, the performance of static prediction was enhanced by 2.2% and 2.4%, respectively. Addition-
ally, we also observed a 2% performance improvement in the dynamic prediction task on the DDX52 dataset. These findings
support the notion that the motif extraction and scoring based on the multi-sequence-structure annotation approach utilized by
PRIESSTESS significantly contribute to the identification of RNA-binding protein (RBP) binding sites and can be an effective

approach to enhance the performance of HDRNet when the binding site motif patterns of interest are well-conserved.

. HDRNet . HDRNet-augment

0.9 -

AUC

0.8 =

HDRNet HDRNet-augment

Supplementary Fig. 4. Performance comparison of HDRNet and HDRNet with feature augmentation on static prediction task.
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Supplementary Fig. 5 Performance comparison of HDRNet and HDRNet with feature augmentation on dynamic prediction task.
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In addition, we also emphasize, present, and add explicit citations to the PRIESSTESS algorithm in Section Competing meth-

ods. It is copied below for your easy reference:

Competing methods

» PRIESSTESS (37) (https://github.com/kaitlin309/PRIESSTESS)), is a universal and recent RNA motif-finding/scanning
strategy capable of identifying enriched RNA sequence and/or structure motifs. PRIESSTESS consists of two steps. The
first step generates a large collection of enriched motifs encompassing both RNA sequence and structure. The second step
produces an aggregate model, which combines the motif scores into a single value, and gauges the relative importance of

each motif.

2. While the proposed predictive architecture is an improvement over PrismNet (with the above caveat), the use of BERT, deep
residual networks and self-attention is not particularly innovative. The literature is already populated with similar "end-to-end"
solutions. The authors need to provide much more complete accounting of modern methods and more compelling explanation

of the novel aspects of their method.

Response: Thank you very much for your critical comments. We agree with you. Your comments have provided us with
an opportunity to further refine our work and better articulate its unique contributions. We have followed your comments to
provide much more complete accounting of modern methods and more compelling explanation of the novel aspects. Indeed,
numerous "end-to-end" methods have been developed to identify RNA-binding protein (RBP) binding sites. However, those
methods are often designed and optimized for specific cellular conditions, limiting their broader applicability. We believe the
distinct advantage of our proposed HDRNet architecture is its capacity to predict dynamic RBP binding events across different
cell lines and tissues. Therefore, while BERT, deep residual networks, and self-attention are prevalent tools, the novelty of
our work lies in their particular amalgamation and adaption. In addition, through the substantial revisions with 3 independent
reviewers in the past four months, we are also confident that the resultant experimental results in this study can also serve as an

independent and comprehensive benchmark beyond the methodology contributions.

In terms of technical contribution, the key advantage of HDRNet is its dynamic identification and interpretation of RNA-
binding protein (RBP) binding sites. This dynamic approach sets it apart from many other models and forms the core of its
novelty. To learn the potential representation of the sequence for the protein—RNA interactions effectively, we have narrowed
our scope to a deep learning model and found that PrismNet is also a deep learning model to predict dynamic RBP binding
events. In the following, we have endeavored to highlight the unique aspects and advantages of HDRNet by comparing it
directly with PrismNet. The distinguishing features and strengths of HDRNet, in contrast to PrismNet, are outlined in the

following sections:

1. Firstly, a critical limitation of PrismNet is its reliance on traditional static one-hot encoding. This static encoding fails to
capture the dynamic semantic information of RNA sequences and their global features. Moreover, it struggles to capture
basic information of nucleotide sequences under varying cellular or tissue contexts, hindering dynamic prediction abili-
ties. To address this, HDRNet utilizes dynamic global context representation, encoding nucleotides differently depending

on the context. This dynamic representation can reflect the context relationships of nucleotides and further enhance the
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ability of HDRNet to recognize the specific RBP binding sites. Moreover, no existing research employs dynamic con-
text representation as a foundation for dynamic prediction tasks, positioning HDRNet at the forefront of innovation

in this area, as discussed in Supplementary Note 19, Fig. 5.

2. Secondly, traditional deep learning algorithms, including PrismNet, often face a discrepancy in the dimensions of se-
quence and secondary structure features. These models typically concatenate these two disparate feature types at the
input stage, a strategy that can inadvertently lead to an uneven feature distribution. This imbalance can obstruct the
model’s ability to fully comprehend and learn from both the sequence and secondary structure features, hindering the
model’s ability to grasp the intricacies of RBP binding sites effectively. To rectify this, HDRNet implements a dimen-
sion unifying architecture at the onset, harmonizing the dimensions of sequence and structural features and providing
a balanced feature representation. Indeed, HDRNet employs convolutional neural network (CNN) blocks with a variety
of kernel sizes to achieve this balance. As an adaptive mechanism, these CNN blocks effectively equalize the dimen-
sionality of the feature sets. This results in a uniformity between the sequence and physicochemical features, allowing
the model to assimilate and learn the characteristics of both sets of features more efficiently, as depicted in Fig. 6 and

Supplementary Fig. 6.

3. In contrast to PrismNet, which employs a basic residual structure to process the fused features of sequences and secondary
structures, HDRNet introduces a novel hierarchical multiscale residual network (HMRN) structure. This approach
potentially resolves the challenge faced by PrismNet, which often struggles to accurately identify the combined patterns
of sequences and structures due to its reliance on a basic residual structure. Our HMRN structure incorporates a new dual-
path parallel structure that separately extracts the combined patterns of sequences and structures, ensuring that HDRNet
is able to capture the specific binding preferences of an individual RBP from the sequence and structure perspective,
respectively. In addition, we also employ a multi-scale CNN design into HDRNet, using CNN kernels of varying sizes,

further enhancing its ability to dynamically identify RBP binding sites, as demonstrated in Supplementary Fig. 6.

4. Finally, like many deep learning algorithms, PrismNet merely averages the features in the final prediction stage and uses
a fully connected layer to generate the final prediction score. This leads to a blending of global features, potentially
hindering the extraction of the most significant binding regions. Here, we propose the Deep Protein-RBP Binding
Predictor (DPRBP) in HDRNet to address this issue. DPRBP is a pyramid-shaped deep structure where the length
of the nucleotide sequence decreases at each successive layer, retaining the nucleotide fragments that most significantly
influence the accurate prediction of RBP binding sites, as illustrated in Fig. 6. By progressively shortening the sequence
length at each layer, DPRBP can preserve the most significant local regions, thus providing HDRNet with a robust
mechanism for precisely capturing RBP binding preferences. This architecture distinguishes HDRNet from other deep

learning algorithms, offering an advanced solution for predicting RBP binding sites.
As demonstrated in our experiments, this model formulation allows us to accomplish the following tasks successfully:

1. Static cellular protein—-RNA interaction identification. HDRNet utilizes dynamic global context representation and
icSHAPE secondary structure information to generate robust binding site representations through a novel hierarchical
network architecture and deep protein-RNA binding predictor. In a comprehensive comparison across 261 benchmark

datasets using several state-of-the-art baseline algorithms, HDRNet outperforms its counterparts in static prediction tasks
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within specific cellular contexts. Moreover, through visualizing the latent features learned by the model, HDRNet can

reveal distinct data clusters, highlighting its robustness, as elucidated in Fig. 2.

2. Dynamic prediction of cellular protein—-RNA interaction across different cell lines. HDRNet’s foremost advantage
its superior capability for dynamic prediction of RBP binding sites, through a comprehensive learning of RBP binding
characteristics from the dynamic global contextual representation by the unique architecture of HDRNet. We thoroughly
validated HDRNet’s dynamic predictive ability across datasets from various cell lines of 68 RBPs. Importantly, HDRNet
can also generate robust latent features for RBP binding site data from other cell lines during the dynamic prediction
process, which facilitates HDRNet to accurately discern the binding properties of RBPs. Moreover, HDRNet maintains
its superior performance consistently across RBPs of varying expression levels and those targeting different expression

levels, as shown in Fig. 3, Supplementary Figs. 9-10.

3. HDRNet’s capacity for dynamic prediction is not limited to cell lines. HDRNet stands as the first tool capable of
predicting RBP binding sites across in vivo tissues. We applied HDRNet on the human brain, adrenal gland and mice
muscle dataset and demonstrate a remarkable ability to accurately discern RBP binding sites in both normal and diseased
conditions. Additionally, HDRNet exhibits a unique adaptive ability, enabling it to utilize models trained on cell line data
to predict the binding sites on tissue data. The dynamic prediction capability of HDRNet on tissue data provides new
insights for studying the regulation of RBP in vivo in a dynamic manner, showcasing its unique value in this field, as

depicted in Fig. 4, Supplementary Figs. 11-12.

4. HDRNet exhibits explainable interpretability. HDRNet can initially discerns potential RBP binding motifs by lever-
aging BERT as the feature encoder with self-attention mechanism. It then refines this understanding by capturing precise
RBP binding preferences from the dynamic context embeddings. This two-step approach proficiently illuminates signifi-
cant sequence regions indicative of RBP binding characteristics or disease associations. For example, HDRNet accurately
demarcates the CUG-rich region of MBNL in human brain dataset and the G-rich region with G-quadruplex structure
of HNRNPU in human adrenal gland dataset. Furthermore, through the statistical analysis of HDRNet-identified salient
regions and visualization of salient maps, we gleaned deeper insights into the binding preferences of FMR1 and FXR2.
With its robust ability to correlate computational predictions with biological understanding, the advanced interpretabil-
ity of HDRNet holds immense potential for providing novel insights and guiding future research in RNA biology and

disease, as highlighted in Fig. 7, Supplementary Figs. 8, 11-15, Supplementary Table 1.

5. HDRNet also exhibits the capability to notice and highlight potential mutation spots. HDRNet can identify high-
attention binding regions enriched with mutable nucleotide sites. After comparing with database entries and manually
mutating the corresponding nucleotides, HDRNet’s local binding behavior identification exhibits significant alterations,
thereby underscoring its capacity to detect potential mutant binding sites (Fig. 8, Supplementary Figs. 15-17). This
unique attribute of HDRNet aids in the study of the role of mutations in RBP binding events, thus contributing to a
broader understanding of disease pathogenesis and progression. Moreover, we conducted an in-depth study from a
transcriptomic viewpoint on the interrelationship between TDP-43 binding genes and human diseases, and performed
a series of genomic analyses. This led to the successful identification of potential candidate drugs for the treatment of

neurodegenerative diseases, as elucidated in Supplementary Figs. 18-23, Supplementary Table 2.
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Lastly, it is essential to highlight that HDRNet is the premier deep learning model that utilizes dynamic context embedding
representation to tackle dynamic prediction tasks across various cell lines. Furthermore, leveraging the valuable insights re-
ceived from our reviewers on tissue prediction, we wish to underline that HDRNet has emerged as the first reliable tool for
dynamic prediction between normal and diseased conditions in in vivo tissue data, and the trained HDRNet model on
cell line data is sufficient to predict dynamic binding behaviour in tissue, which are extremely rare in the current field of
dynamic predictons of RBP binding sites (to the best of our knowledge). These analyses further confirm the effectiveness and
robustness of HDRNet. In an effort to assist the broader research community, we provide an accessible HDRNet webserver at
http://www.aibio-lab.com:5050/ and open-source HDRNet code at https://github.com/zhuhr213/HDRNet. These resources

will facilitate users in predicting RBP sites and identifying significant binding regions.

In addition, we also provide a more comprehensive overview of modern methods including self-attention, BERT and deep
residual networks, for protein-RNA interactions in Supplementary Note 19 to differentiate our work from existing studies. It

is copied below for your easy reference:

Self-attention mechanisms have gained popularity across various fields for their ability to highlight important features in se-
quences while downplaying irrelevant ones. In the context of protein-RNA interactions, the self-attention model enable the
focus on key nucleotides and their interactions. Several end-to-end models have already incorporated self-attention mecha-
nisms; for instance, Wang et al. proposed SA-NET (67), which encodes nucleotide sequences into 4-mer tokens and identifies
binding sites through a self-attention layer. Similarly, Pan et al. introduced CRMSNet (68), a deep learning model that lever-
ages convolution and residual multi-head self-attention blocks to predict RBPs’ binding sites on RNA sequence. These methods
excessively rely on the self-attention mechanism, leading to an insufficient diversity of feature extraction and a high demand for
data for training (69). To address this limitation, BERT, short for "Bidirectional Encoder Representations from Transformers",
was proposed by designing a deep learning model based on self-attention mechanism. Its strength lies in understanding the
contextual relationships of words within sentences by analyzing the text data bidirectionally. Given the similarity between
nucleotide sequences and textual sequences, BERT has been adopted for the identification of RBP binding sites. For example,
Yamada et al. proposed BERT-RBP as a model to predict RNA-RBP interactions by adapting the BERT architecture pre-
trained on a human reference genome (70). The principal shortcoming of this kind of BERT-based method lies in the fact that
its fine-tuning process cannot significantly optimize the parameters of the BERT model, leading to inaccuracies in capturing
the binding characteristics of RBPs, particularly under dynamic cellular conditions. Nevertheless, the pre-training process of
BERT, which involves learning from a vast amount of transcriptome data, empowers it to comprehensively grasp the contextual
relationships within the genome. Therefore, such advantages make BERT an attractive option to be leveraged as a generative
model for creating dynamic contextual representations of nucleotide sequences. Several end-to-end deep learning models based
on this dynamic contextual representations have been developed, including HCRNet (71), CircSSNN (72), and JLCRB (73).
However, most of these end-to-end methods were designed to identify RBP binding sites on circular RNAs under a singular
cellular condition. To the best of our knowledge, the dynamic contextual representation of nucleotide sequences has not yet
been characterized for dynamic prediction of RBP binding sites on linear RNA (across different cell lines or in vivo tissues),

which motivates our further research in this field.
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ResNets, initially introduced in the field of computer vision (74), have brought about a revolutionary impact. Now, these
ResNets are applied to the field of RBP binding sites identification. ResNets can solve the vanishing gradient problem com-
mon in deep neural networks, allowing for the successful training of very deep networks. Numerous end-to-end models have
adopted the residual structure to predict RBP binding sites, including CRBPDL (75), CRMSS (76), iCircRBP-DHN (44), and
CircSSNN. Unfortunately, these methods are primarily focused on predicting RBP binding sites on circular RNAs in specific
cell lines, limiting their broader applicability. Furthermore, one common aspect in these methods, including PrismNet, is the
use of a basic ResNet structure, which integrates multiple features before inputting them into the residual network. This basic
architecture possesses a risk as the amalgamation of features might lead to an inability to distinguish between sequence-specific
and structural binding characteristics, thus restricting the performance of RBP binding site identification. To mitigate this risk,
we propose a hierarchical multi-scale residual structure, comprising a parallel, dual-pathway framework that can extract the
latent features of RNA sequences and secondary structures separately, ensuring the optimal performance in our unique dynamic

prediction task. Moreover, the multi-scale structure enables HDRNet to learn binding patterns across varying sequence lengths.

3. The survey of tools that is included in the introduction has missed an entire large community that performs these predictions

on the protein side, by predicting RNA-binding proteins and RNA-binding amino acids.

Response: Thank you very much for the suggestions. We appreciate your suggestion on the tools related to the prediction of
RNA-binding proteins and RNA-binding amino acids in the survey of tools included in the introduction. Therefore, we have
followed your comments to carefully investigated the recent literature on the prediction of RBP-RNA binding from a protein

perspective to fill the absence of this part in the Introduction. It is copied below for your easy reference:

Introduction

~~~~~~ Thanks to the development of cross-linked immunoprecipitation sequencing technology (21, 77), many RBP-RNA bind-
ing targets have been uncovered (78, 79), enabling us to develop effective data-driven computational methods (80). These
methods, can be broadly classified into two categories (81), either predicting RNA-binding sites on the protein surface (82) or
modeling the preferred RNA sequences of RNA-binding proteins (83). From the protein perspective, several computational
tools have been developed to predict the RBP-RNA binding sites at the protein level. For instance, SCRIBER, uses predic-
tions of binding residues for several partner types to effectively reduce cross-prediction of the output protein-binding residues,
combining novel and previously used input types (84), while aPRBind, developed by Liu et al., combines protein sequence and
structural features for RNA-binding residue prediction (85). DRNApred (86), a fast sequence-based method that accurately
predicts and discriminates DNA- and RNA-binding residues was proposed by Yan et al., with regression that penalizes cross-
predictions, and a two-layered architecture. However, these statistical or machine learning-based algorithms often encounter
performance limitations as the size of the dataset continues to grow. This is primarily due to their inability to effectively cap-
ture complex patterns and relationships in large-scale data, which can lead to unsatisfactory predictive performance. Recently,
to address such limitations, deep learning methods have developed; for instance, DeepSite employs a 3D deep convolutional

neural network to predict the binding site using protein structure (87). Xia et al. proposed GraphBind, an end-to-end graph
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neural network that uses hierarchical graph neural networks to identify nucleic-acid-binding residues on proteins (88). Zhang
et al. presented DeepDISOBind(89), a deep multi-task architecture that accurately predicts DNA-, RNA- and protein-binding
regions from protein sequences. Most recently, Lam et al. introduced NucleicNet, a deep learning model that predicts the
binding preference of RNA backbone constituents and different bases from local physicochemical characteristics of the protein
structure surface (90). These methods have collectively enhanced our understanding of the binding properties of RBPs at the

protein surface level.

In parallel, the establishment of links between RBPs and their targets from the perspective of RNA sequences enables under-
standings on the regulation mechanism. A variety of efforts have been developed to address it in identical cellular conditions,
referred to as static protein-RNA interactions; for instance, Deepbind (33) was developed to understand RBP binding prefer-
ences in RNA sequence data using a deep neural network (DNN). Ilan et al. developed DLPRB (34), a new DNN approach
based on convolutional neural networks (CNN) and recurrent neural networks (RNN) for learning intrinsic RBP binding prefer-
ences and predicting novel interactions. Pan et al. developed iDeep (35), a hybrid convolutional neural network and deep belief
network-based model to predict the RBP interaction sites and motifs on RNAs. Daniel et al. proposed GraphProt (36) that
integrates sequence and computationally-predicted RNA secondary structure information into graph-kernel features. Laverty
et al. introduced PRIESSTESS (37), a universal RNA motif-finding/scanning strategy capable of identifying enriched RNA
sequence and/or structure motifs that are subsequently reduced to a set of core motifs by logistic regression with LASSO regu-
larization. However, these methods only account for a specific cellular condition and are hence limited in their ability to predict

RNA-protein interactions in other cell lines while considering the dynamic contexts.

Indeed, the binding behavior of RBP-RNA interactions has been demonstrated to be dynamic in different cell types, as it is
influenced by different cellular or tissue environments (38). In other words, the binding sites of the RBP that are exclusively
present in specific cells or tissues can be designated as dynamic protein-RNA interactions. Recently, a new deep learning-based
method called PrismNet (26), was developed to accurately predict dynamic RBP binding in various cellular conditions by inte-
grating in vivo experimental RNA structure information (39). Nonetheless, unfortunately, we conceive that there are still room
for improvements; for instance, the architectural design of the deep neural network with in PrismNet can still be investigated
in the context of neural network architecture search, indicating the potential for further improvements in RBP-RNA binding
prediction. In addition, the one-hot encoding representation in PrismNet exhibits limitations that may hinder its ability to
capture RNA features globally. Furthermore, the heterogeneity of transcripts results in widely sequential relationships across
different contexts, such as various cell lines, tissues, and normal or disease conditions. The one-hot encoding may overlook this
contextual information, treating each position independently and potentially missing crucial sequence patterns. Therefore, it is
crucial to address these limitations by exploring alternative coding methods to leverage the contextual and sequential nature of

RNA sequences.

The contextual relationship has been a focus of increasing attention, as word embedding techniques (40—-42) have proven to
be effective frameworks for automatically encoding RNA sequences due to their syntactic, lexical, and semantic similarities to
human language (43). On this basis, much effort has been devoted to the application of advanced NLP techniques in RNA-

related problems (44—46). However, most existing research on the application of NLP techniques in RNA-related problems
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has relied on static embedding models such as Word2Vector (47), GloVe (41), Doc2Vector (42) and FastText (48). Similar to
one-hot representation, static embedding methods maintain the same nucleotide encoding across all contexts, which leads to fail
to capture the context-based dynamic semantic information of RNA sequences and therefore cannot represent RNA sequence
features globally. Moreover, static embedding does not capture the underlying information of nucleotide sequences in different
cellular contexts, thus limiting the ability of dynamic prediction in other cellular conditions. To address this knowledge gap,
we propose to adopt and customize the Bidirectional Encoder Representations from Transformers (BERT) model (49) to learn
the context-dependent information of RNA sequences, which can generate robust expressions containing the global contextual
information by pre-training with a large-scale unlabeled text corpus in a self-supervised fashion. In contrast to static embed-
dings where nucleotide embeddings remain the same regardless of the context, the primary advantage of dynamic embeddings
lies in their ability to generate context-specific features in different nucleotide contexts. Moreover, considering the heterogene-
ity of transcripts under different cellular, tissue, or physiological conditions (e.g., normal or diseased), dynamic embeddings
can overcome the limitation of a single representation for diverse contextual sequences, enriching the global features of the
sequences and surpassing the performance bottleneck in dynamically predicting RBP binding sites. Therefore, by leveraging
the advantages of the transformer model, we adopt the BERT model to encode RNA sequences in dynamic embedding vectors
that then contain rich, global contextual semantic information for identifying dynamic RNA-binding events between different

cell lines, tissues, or physiological conditions (normal or diseased). ------

Minor comments:

1. On a minor note, quality of writing needs substantial improvements. There are grammatical errors (even in the abstract),
some passages/sentences are poorly phrased, problems with articles, and other issues. The article should be carefully copy-

edited by a skilled native speaker.

Response: Thank you very much for the helpful comments. We apologize for the grammatical errors and typos. To correct
those errors, we have asked a native English speaker to proofread the revised manuscript. In addition, we (the first author and
the corresponding authors) have proofread the manuscript for multiple rounds again. English grammatical errors and typos

have been fixed to our best effort.
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