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Abstract 28 

 29 

RNAs play essential roles in biological processes and have emerged as promising therapeutic 30 

targets for both oligonucleotide- and small molecule-based interventions. However, targeting 31 

RNAs with small molecules remain challenging due to our limited understandings of the 32 

chemical space associated with RNA-binding small molecules, the intricate three-dimensional 33 

RNA structures and ligand-binding pockets, and the molecular basis of small-molecule modes of 34 

action (MOAs). In this study, we discovered Hit Small molecules TArgeting RNA Structures 35 

(HitSTARS) through the following three stages. We first curated a library of 5.2 million in-stock 36 

Commercial Small molecules TArgeting RNA (CSTAR) through training a molecular 37 

representation learning model based on 3D atom positions, and explored their physicochemical 38 

properties. Next, virtual screening of CSTAR against the paradigmatic Tetrahymena ScaI L-16 39 

ribozyme, as a proof of concept, identified two novel allosteric pockets. Functional screening of 40 

the top-scoring 125 compounds, validated by multiple docking algorithms, resulted in nine hit 41 

RNA-binders capable of inhibiting catalysis. Finally, cryo-EM structures of the best hit of each 42 

allosteric site, ZPT-005 and ZPT-084, in complexes with L-16 were determined at 2.3 Å and 3.0 43 

Å resolutions to elucidate their modes of action: ZPT-005 stabilizes J1/2 in the undocked 44 

conformation upon binding to site 1, whereas ZPT-084 occupies site 2 to displace the catalytic 45 

core away from the splice site. These results facilitated lead optimization of ZPT-084 that 46 

improved the binding affinity and activity by 104- and 15-fold. Collectively, HitSTARS provides 47 

a comprehensive framework for streamlining RNA structure-based chemical probe discovery 48 

while offering insights into their MOAs.  49 

  50 
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Introduction 51 

 52 

RNAs have emerged as attractive drug targets due to their ability to encode disease-related 53 

proteins, especially those considered “undruggable”, and their capacity to form intricate 54 

structures, particularly in non-coding regions, which play critical roles in diverse disease 55 

development processes1-3. Current RNA-targeting strategies include sequence-specific 56 

approaches, such as antisense oligonucleotides (ASOs), and RNA structure-based small-57 

molecule interventions. However, the clinical application of ASOs faces challenges owing to 58 

limited delivery strategies, off-target effects, and low efficacy on structured RNA targets4,5. 59 

Alternatively, small molecule is eminent for oral bioavailability, and leverages the extensive 60 

knowledge in structure-activity relationship (SAR) and experience in medicinal chemistry, 61 

enabling iterative optimizations of pharmacophores for improved potency, specificity and 62 

pharmacokinetics6,7.  63 

 64 

Recent phenotypic and RNA-binding screenings have resulted in drug-like small molecules that 65 

modulate transcription and translation8,9, alternative splicing10,11, protein-RNA interactions12 and 66 

RNA degradation13, some of which were already in clinical use or showed therapeutic promise. 67 

However, many RNA-binding compounds still suffer from poor drug-like properties, such as 68 

excessive positive charges, multivalency, or intercalation1. Moreover, routine discovery of small 69 

molecules targeting RNAs, particularly those with complex structures and high-quality binding 70 

pockets, remains challenging owing to the scarcity of RNA three-dimensional (3D) structures 71 

and limited understandings of RNA-binding propensity and modes of action (MOAs) of small 72 

molecules14.  73 

 74 

In the current study, we identified Hit Small molecules TArgeting RNA Structures (HitSTARS) 75 

and elucidated their MOAs through the following steps: 1) A deep-learning transformer 76 

architecture, RiboBIND, that integrates 3D spatial information from atomic coordinates with 2D 77 

topological data from molecular graphs15. Trained on thousands of RNA- and protein-binding 78 

small molecules16,17, it enabled the curation of 5.2 million Commercial Small molecules 79 

TArgeting RNA (CSTAR)18; 2) Virtual screening of the CSTAR library against structured 80 

RNAs, where we selected the paradigmatic Tetrahymena ScaI L-16 ribozyme as a proof-of-81 

concept target19,20, to identify novel allosteric sites. The top-scoring 125 compounds, validated 82 

by multiple docking algorithms, were subjected to functional screening to yield nine hit L-16-83 

binding compounds inhibiting catalysis; 3) MOA elucidation of the best hit from each site, ZPT-84 

005 and ZPT-084, through single-particle cryo-electron microscopy (cryo-EM) that has been 85 

increasingly used for high-resolution structure determination of large RNAs complexed with 86 

small molecules21-24.  87 

 88 

The 2.3 Å resolution structure showed that ZPT-005 stacks with U106 and A306, forms anion-π 89 

and hydrogen bond interactions with the fully coordinated metal ion M16 through water 90 
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molecules in site 119,23,25, and stabilizes the J1/2 (J denotes junction) in the P1 (P denotes paired 91 

stem) undocked conformation23. In the presence of ZPT-084, two conformations of the 92 

ribozyme, native (N) and inhibited (I), were resolved at 3.0 Å and 3.8 Å resolutions. In the N 93 

conformation, ZPT-084 binds to site 2 in the metal core (MC) via anion-π, hydrogen bond and 94 

outer-sphere metal coordination interactions. The I conformation showed disrupted P5/L9 (L 95 

denotes loop) tertiary interaction and translocations of P7, P9 and P9.2-P9.1-P13 away from the 96 

5'-splice site (5'-SS) by 11º, 42º and 17º, suggesting that allosteric binding of ZPT-084 induces 97 

large conformational changes that displace the G-binding site more than 8 Å away from the 5'-98 

SS. This MOA was further validated by lead optimization of ZPT-084 that enabled augmentation 99 

of ZPT-084.10 binding affinity and inhibition activity by 104- and 15-fold, yielding predominant 100 

I conformation in cryo-EM analysis. 101 

 102 

Results 103 

 104 

CSTAR library construction 105 

 106 

Previous studies have established several libraries of RNA-binding small molecules and explored 107 

their preferred physicochemical properties and chemical space for RNA recognition 26. Machine 108 

learning approaches have enabled identification of molecular features associated with RNA 109 

binding16,27-29. However, these methods have been primarily limited to two-dimensional (2D) 110 

molecular descriptors. Recent advances such as Uni-Mol have highlighted the importance of 3D 111 

molecular representations for accurate property predictions15. 112 

 113 

To leverage 3D structural information, we developed RiboBIND, a deep-learning model 114 

initialized with weights pre-trained on 200 million molecular conformations (Figure 1)15. Our 115 

curated training set comprises 994 RNA-binders as positives, sourced from various databases 116 

including R-BIND, R-SIM and the protein data bank (PDB), and rigorously filtered by drug-117 

likeness and similarity 16,17,30. Negatives consist of 3,767 protein-binders from PDB, excluding 118 

FDA-approved drugs (Figure 1A, Supplementary Data 1). RiboBIND comprises a molecular 119 

module and an application module, with SMILES strings, atomic coordinates, and molecular 120 

graphs as inputs (Figure 1B). The molecular module encodes 3D atomic coordinates using spatial 121 

positional embeddings and transformer-based self-attention, capturing atom-to-pair relationships 122 

while ensuring invariance to molecular orientation31. The application module employs a graph 123 

convolutional network (GCN) for downstream fine-tuning32, The GCN is specifically trained to 124 

capture essential chemical bond features and atom-level relational patterns from the molecular 125 

graph. The resulting features are then processed by a multilayer perceptron (MLP) to compute 126 

the final RNA-binding preference over protein-binding.  127 

 128 

RiboBIND demonstrated optimal model performance on the blinded benchmark set of 192 RNA- 129 

and 761 protein-binders (Figure 1C), achieving an area under the receiver operating 130 
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characteristic (AUROC) of 0.96 and area under the precision-recall curve (AUPRC) of 0.90, 131 

outperforming Uni-Mol (AUPRC 0.87) (Figure S1A). We further evaluated RiboBIND 132 

performance on the independent, public accessible ROBIN data as benchmark set 27. Using a 133 

five-fold cross-validation protocol, RiboBIND achieved a mean AUPRC of 0.92, outperforming 134 

both Uni-Mol (0.88) and ROBIN_MLP (0.77) using 2D molecular descriptors (Figure S1B). 135 

Based on this robust performance, a final model, trained on our entire dataset using the optimal 136 

hyperparameters, was applied to a collection of more than 13 million non-redundant in-stock 137 

small molecules (Figure 1D)18, resulting in the CSTAR library of 5.2 million compounds 138 

predicted to preferentially bind RNAs over proteins (Figure 1E). We built a webserver 139 

(cstar.zsulab.com) for the CSTAR library, offering features including search, classification, 140 

download and prediction (Figure S1C). Feature analysis using the Shapley additive explanations 141 

(SHAP) identified properties associated to polarity, aromaticity, Van der Waals surface area and 142 

topology as major determinants of RNA-binding preference compared to protein-binders and 143 

FDA-approved drugs (Figure S1D-E)33.  144 

 145 

Virtual screening against RNA structure identified unforeseen ligand-binding pockets 146 

 147 

Molecular docking has been well-established for high-throughput discovery of small molecules 148 

targeting given structures with defined ligand-binding pockets, allowing rapid screening of 149 

compound libraries34. Although recent advances in docking and scoring algorithms have 150 

facilitated accelerated virtual screening against RNA structures35,36, successful identification of 151 

bioactive RNA-binding small molecules from virtual screening remains challenging owing to the 152 

paucity of protein-free RNA and RNA-small molecule complex structures14,22. 153 

 154 

We selected the Tetrahymena ScaI L-16 ribozyme as our model RNA target because of its 155 

extensively characterized structures and biochemical functions for subsequent virtual and 156 

functional screenings (Figure 2) 25,37,38. Virtual screening was performed on the CSTAR library 157 

using DOCK639, which offers reliable performance with moderate computational costs 36. Since 158 

RNA ligand-binding pockets and recognition patterns remain poorly understood, molecular 159 

docking was initially applied to the entire L-16 ribozyme structure with no defined pockets 160 

against 8,392 diversified CSTAR compounds of <0.25 similarity. Strikingly, the docking result 161 

revealed that 98% compounds localized to two high-quality binding sites according to fpocket 162 

scores (Figure 2B, Figure S2)40,41. Site 1 is formed by J3/4, P7 and J8/7 close to the catalytic site 163 

that accounts for 70% of the docked compounds, whereas site 2 resembles a “Y-shaped” pocket 164 

formed by P4, P5a-c and P14 in the MC that accounts for 28% (Figure 2B). The remaining 2% 165 

attributes to four sites, including the guanosine binding site, two helical-groove binding sites, and 166 

one site formed by P2, P2.1, P3 and P8 (Figure S2). Site 1 and 2 in L-16 were subsequently 167 

defined for virtual screening of the entire 5.2 million CSTAR library. 168 

 169 

Functional screening discovered RNA-binding compounds that inhibit catalysis 170 
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 171 

The top-scoring 10,000 molecules were cross-validated by rDOCK42 and RNAmigos236, and the 172 

top-ranking 125 compounds were purchased to assess L-16 binding and catalysis inhibition 173 

(Figure 2C-D, Supplementary Data 2). Biolayer interferometry determined dissociation constants 174 

(KD) for 13 compounds, ranging from 20.7 to 441 μM (Figure 3A, Figure S3A). We then 175 

designed a Förster resonance energy transfer (FRET) assay monitoring the cleavage of RNA 176 

substrate 5'-CCCUCUAAACC-3' by L-16 ribozyme, in the presence of exogenous guanosine 177 

(exoG)43. The substrate was labeled with Cy3 and FAM at the 5' and 3' ends (Figure 2D), 178 

enabling detection of catalysis inhibition through the fluorescence signals of FAM at 1000 and 179 

200 μM compound concentrations (Figure 3B). A total of nine hit compounds binding to L-16 180 

showed inhibition of catalysis with IC50 ranging from 9.8 to 676 μM (Figure 3C and S3B), and 181 

ZPT-005 and ZPT-084 were the most potent inhibitors for site 1 and 2, with KD and IC50 of 20.7 182 

and 9.8 μM for ZPT-005, and 190 and 230 μM for ZPT-084, respectively (Figure 3D). 183 

 184 

ZPT-005 recognition mechanism and mode of action 185 

 186 

Cryo-EM structure of ZPT-005 in complex with L-16 was resolved at 2.3 Å resolution in the N 187 

conformation (Figure S4, Table S1). Previous L-16 models with annotated metal ions and water 188 

molecules were docked and manually adjusted (Table S2)19,23,25, enabling identification of ZPT-189 

005 density in site 1 (Figure 4A). This compound was subsequently docked into the density to 190 

unveil its recognition pattern (Figure 4B), which is in close proximity to the molecular docking 191 

result (Figure S5). ZPT-005 contains two N-ethyl quinolines and a N-ethyl pyridine, connected 192 

through a conjugated branched site to fit in site 1 with overall positive charges (Figure 4C). The 193 

two quinoline rings stack with U106 and A306, and form anion-π interactions with non-bridging 194 

phosphate oxygens (OPs) of U259 and A265. The pyridine ring of ZPT-005 forms two outer-195 

sphere contacts with the hydrated M16 that has full octahedral coordination through water 196 

molecules (Figure 4B). In the presence of ZPT-005, A29 and A30 form an A-platform while G27 197 

stacks with A94, stabilizing J1/2 in an intermediate conformation with P1 in the undocked 198 

position (Figure 4D). This J1/2 conformation is drastically different from J1/2 in the previously 199 

reported Tet-S1 state, prohibiting P1 from docking (Figure 4E) 23.  200 

 201 

This structure reveals novel RNA-small molecule interaction paradigms. Anion-π interactions 202 

have been widely observed in protein α-helix containing a glutamic acid and a tryptophan or 203 

tyrosine44,45, or in a typical RNA GNRA tetraloop or U-turn motifs46-48. The adjacent metal ion 204 

contacts, as observed in ZPT-005 recognition pattern, have been suggested to increase the 205 

quadrupole moment of the aromatic rings, leading to enhanced anion-π interaction44. This 206 

combination is analogous to the previously reported recognition of anthranilic acid derivative 207 

inhibitor in the HCV NS5B polymerase thumb pocket49, in which the acid group coordinate with 208 

the Mn2+ to enhance the anion-π interaction between the aromatic ring and E361 (Figure S5B)44. 209 

 210 
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ZPT-084 and induces conformational change to translocate the catalytic center away from 211 

the splice site 212 

 213 

Cryo-EM reconstruction of ZPT-084 bound L-16 ribozyme revealed two conformations: the N 214 

conformation resolved at 2.9 Å resolution and another extended I conformation with partially 215 

missing density in the peripheral P9 and P9.2 (Figure 5A, Figure S6A-B, Table S1). 3D 216 

classification focused on the P9 and P9.2 region resulted in a class with intact P9.2, resulting in a 217 

final cryo-EM reconstruction at 3.8 Å resolution (Figure 5B, Figure S6C). Focused classification 218 

of the N conformation yielded the final reconstruction at 3.0 Å resolution with the presence of 219 

ZPT-084 density in site 2 (Figure S7). The neutrally charged ZPT-084 adopts a bent 220 

conformation (Figure 5C), mediated by the central piperazine ring, to fit in the “Y-shaped” site 2, 221 

which is homologous to the docking result (Figure S5C). The recognition mechanism is 222 

elucidated by four hydrogen bonds formed by the piperazine nitrogens and the closeby hydroxyl 223 

groups with A183 and A184, two anion-π interactions formed by the aromatic ring on either end 224 

with the OPs of C165 and C170, and an outer-sphere contact between the hydroxyl group and M5 225 

with a distance of 3.5 Å (Figure 5D). 226 

 227 

The I conformation revealed extensive structural rearrangements in the core regions P7 and P9, 228 

and the coaxially stacked peripheral domain P9.2-P9.1-P13 (Figure 5E). Such conformational 229 

changes originate from local shift of P5 and J5/5a that disrupts the critical P5/L9 interaction 230 

(Figure S5D)19, which leads to translocations of P7, P9 and P9.2-P9.1-P13 away from P4-P6 by 231 

11º, 42º and 17º, respectively (Figure 5E). Previous studies have reported that disruption of the 232 

P5/L9 tertiary interaction primarily affects peripheral architecture and guanosine association to 233 

the G-binding site, leaving P1 docking largely unaffected 50,51. This is validated by the 234 

unchanged spatial organization of A114, A207 and J8/7 that modulate P1 docking register 235 

compared to the N conformation, leading to homologous P1 docking position in the I 236 

conformation (Figure S5E). As a result, the conformational change in P7 extends the distance 237 

between the putative exoG and 5'-SS to over 8 Å, resulting in inhibition of catalysis (Figure 5F).  238 

 239 

ZPT-084 binding mechanism enables SAR and lead optimization 240 

 241 

Elucidation of ZPT-084 binding mechanism allows SAR investigation and lead optimization 242 

(Figure 6). Racemization of both chiral hydroxyl groups largely reduced binding affinity and 243 

activity (ZPT-084.14), whereas changing the phenolyl to anilinyl moieties further decreased 244 

potency (ZPT-084.1) (Figure 6A). Substitutions of the acetyl groups (R1) on both ends showed 245 

minimal effects, with the methoxyl substitution (ZPT-084.3) showing modest improvements of 246 

~2-fold in both binding affinity and activity (Figure 6B). Benzoyl acylations of a single racemic 247 

hydroxyl group (R2) enhanced shape complementarity of small molecules occupying the “Y-248 

shaped” site 2, leading to general improvements in binding affinity and inhibition activity across 249 

various R1 substitutions of acetyl, isopropyl, ethyl and trifluoromethyl (Figure 6C). In particular, 250 
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acylating a benzyol moiety on one hydroxyl group of ZPT-084 yielded the most potent derivative 251 

with KD of 1.82 μM and IC50 of 15.2 μM, increased by 104- and 15-fold compared to the parent 252 

compound (ZPT-084.10), respectively. As expected, phenylacetylations of both hydroxyl groups 253 

confirmed the importance of shape complementarity, as bulkier substitutions abolished the 254 

compound’s binding and activity (ZPT-084.2). Cryo-EM analysis of L-16 in complex with ZPT-255 

084.10 revealed predominant population of I conformation, validating that small-molecule 256 

binding to site 2 induces such conformational change (Figure S9). Both  recognition patterns in 257 

site 1 and 2 were validated by introducing mutations to disrupt interactions with ZPT-005 and 258 

ZPT-084.1, which resulted in KD values of 76.4 μM and 14.9 μM, reduced by 3.7- and 8.2-fold, 259 

respectively (Figure S9). 260 

 261 

Discussion 262 

 263 

Targeting RNAs has garnered increasing interest in the pharmaceutical industry, with several 264 

recent examples highlighting the potential of small molecules targeting non-ribosomal RNAs for 265 

clinical applications7. However, most RNA-binding compounds remain positively charged, 266 

multivalent, or intercalators, and primarily bind to less complexed pockets like loops and 267 

bulges1. This has led to perspectives that RNA-targeting drugs may not adapt the 268 

physicochemical properties of approved protein-targeting drugs following the classic guidelines 269 

for drug-likeness6,52. In this study, we developed a deep-learning model to retrieve molecular 270 

representations from thousands of carefully filtered RNA- and protein-binders, and curated the 271 

RNA-focused CSTAR library for analysis of RNA-binding propensities and identification of hit 272 

compounds (Figure 1-2). The scarcity of drug-like small molecules with validated RNA-binding 273 

capacity and biological activity has limited conventional deep-learning algorithms using only 2D 274 

small-molecule information 28,53. Therefore, we leveraged 3D molecular representations of small 275 

molecules, generating multiple conformations per molecule, along with tens to hundreds of atom 276 

coordinates, atom pairs and bond information for each conformation (Figure 1B). 277 

Physicochemical property analysis revealed polarity, aromaticity, Van der Waals surface area 278 

and topology as critical determinants for RNA-binding propensities, consistent with previous 279 

findings (Figure S1)26. 280 

 281 

RNAs exist as dynamic conformational ensembles in solution54. Their inherent structural 282 

flexibility has mostly caused the paucity of experimentally determined RNA 3D structures that 283 

continues to hinder accurate RNA structure prediction and structure-based drug discovery55. 284 

Nuclear magnetic resonance can resolve RNA conformational ensembles and identify small 285 

molecules targeting dynamic short stem-loops, inducing RNA conformational changes, and 286 

stabilizing high-energy transient states56-58. However, these structural changes are typically 287 

localized and involve only a few nucleotides. Cryo-EM is now routinely used to capture global 288 

conformational changes and dynamics of large, intricately-structured RNAs38.  289 

 290 
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Although the L-16 ribozyme is not pathogenic, previous studies have discovered small-molecule 291 

inhibitors of Tetrahymena group I intron, including orthosteric compounds competing with 292 

guanosine at the G-binding site59-62, and allosteric inhibitors like pentamidine binding near 293 

P2/P2.1, adjacent to a characterized spermidine binding site in P2.1-P3-J8/723. Therefore we used  294 

this RNA as a proof-of-concept target for the virtual and functional screening modules of 295 

HitSTARS. Virtual screening of the CSTAR library identified two primary allosteric binding 296 

pockets that have not been previously reported (Figure 2B), and four additional minor binding 297 

pockets, including the G-binding site (Figure S2). The top-scoring 125 compounds from virtual 298 

screening were subjected to functional screening, yielding 13 compounds with reliable KD values 299 

(10% hit rate), and nine of which inhibited catalysis with IC50 values (7.2% hit rate). 300 

 301 

ZPT-005 and ZPT-084 were identified as the most potent inhibitors for their corresponding 302 

allosteric binding pockets. Cryo-EM resolved L-16 ribozyme complexed with ZPT-005 at 2.3 Å 303 

resolution, and with ZPT-084 at 3.0 Å resolution. These structures revealed not only hydrogen 304 

bond and π-stacking commonly observed in RNA-small molecule interactions14, but also new 305 

recognition patterns of anion-π and outer-sphere metal coordination in high-quality binding 306 

pockets. The 2.3 Å structure of L-16 in complex with ZPT-005 indicates that the hit compound 307 

locks J1/2 in the P1 undocked conformation (Figure 4), whereas ZPT-084 induces minor changes 308 

in P5 and J5/5a that eventually leads to disruption of the P5/L9 tertiary interaction, launching 309 

large conformational changes of P7, P9, and P9.2-P9.1-P13 domain that result in displacement of 310 

the G-binding site and inhibition of catalysis (Figure 5, Movie S1).  311 

 312 

We further demonstrated its utility in facilitating downstream lead optimization and biological 313 

activity assessment. The structural information allowed optimization of the original hit ZPT-084 314 

for site 2, with the modest KD and IC50 enhanced by 104- and 15-fold. Although the L-16 315 

ribozyme is not pathogenic, previous studies have discovered small-molecule inhibitors of 316 

Tetrahymena group I intron, including orthosteric compounds competing with guanosine at the 317 

G-binding site59-62, and allosteric inhibitors like pentamidine binding near P2/P2.1, adjacent to a 318 

characterized spermidine binding site in P2.1-P3-J8/723. The discovery of new allosteric 319 

inhibitors in this study expands the small molecules targeting this ribozyme in allostery. 320 

 321 

Notably, the current HitSTARS framework has been designed to accommodate alternative 322 

methods and techniques in each module to fit customized needs. The virtual screening module 323 

can incorporate diverse compound libraries, structured RNA targets and molecular docking 324 

algorithms, while the functional screening module supports different biophysical methods and 325 

function-based screening assays. In the MOA elucidation state, complementary structural 326 

biology techniques can be employed: cryo-EM is especially useful for large structured and 327 

dynamic RNAs, X-ray crystallography fits smaller and more rigid RNAs, and NMR is useful for 328 

small and dynamic RNAs. This inherent adaptability ensures HitSTARS to remain cutting-edge 329 

as new methodologies for each module emerge. 330 
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 331 

In conclusion, HitSTARS establishes a streamlined strategy to discover bioactive hit small 332 

molecules targeting novel allosteric site in highly-structured RNAs, complemented by 333 

elucidation of their MOAs, allowing further lead optimization. This approach also provides 334 

unprecedented structural insights into high-quality RNA-binding pockets and RNA-small 335 

molecule interactions. As the repertoire of RNA structures expands and structure prediction 336 

algorithms improve, HitSTARS will become increaslingly scalable, advancing our fundamental 337 

understanding of RNA-small molecule recognition patterns while accelerating drug discovery 338 

against pathogenic RNAs. 339 

 340 

Methods 341 

 342 

CSTAR library construction 343 

 344 

Data preparation. A total of 994 RNA-binding positives and 3,767 protein-binding negatives was 345 

partitioned into training and benchmark datasets. SMILES representations and 3D coordinates of 346 

these small molecules were prepared as inputs. To generate their 3D conformations, we employed 347 

the Experimental-Torsion Distance Geometry (ETKGD)63 algorithm integrated with Merck 348 

Molecular Force Field (MMFF) optimization using the RDKit software, generating up to 11 349 

conformations per molecule. We limited the optimizations to a maximum of 500 iterations for each 350 

molecule. For those molecules with infeasible 3D conformations, 2D structures were used instead. 351 

The molecular graph was constructed using RDKit to determine chemical bonds. 352 

 353 

Model architecture. RiboBIND is a deep-learning model based on the transformer architecture, 354 

featuring 48 million parameters within its molecular and application modules. We use the UniMol 355 

weights pre-trained on 200 million small molecule conformations to initialize the molecular 356 

module. Specifically, the molecular module comprises 15 transformer blocks and takes atom types 357 

and their coordinates as inputs. Atom representations are initialized using a 512-dimensional 358 

embedding layer based on atom types, while pair representations utilize an invariant spatial 359 

positional encoding derived from atom coordinates. Specifically, we calculate the Euclidean 360 

distances between atom pairs and apply a pair-type aware Gaussian kernel31. For each atom pair 361 

!	#, the calculation is expressed as follows: 362 

$%&!"'!" + )!" − +	, σ., 363 

where $ represents Gaussian basis functions with means + and standard deviation /, '!" is the 364 

euclidean distances between the atom pairs ! and #, and &!" and )!" are learnable parameters 365 

adjusting gain and bias, respectively. This positional encoding ensures that the pair 366 

representation remains invariant to global rotations and translations.  367 

 368 

Each transformer block contains 64 attention heads and a feedforward network (FFN) with a 369 

hidden dimension of 2048. For the pair representation, the transformer block facilitates atom-to-370 
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pair communication using the multi-head query-key product within the self-attention mechanism. 371 

Each attention head employs separate weights 0# ∈ 2$ , 0% ∈ 2$ to transform pair 372 

representation 3 ∈ 2&×$ into queries 4 = 3!0( and key 6 = 7"8), where 9 is the hidden 373 

dimension and : is the molecular length. The update for each attention head is defined as 374 

follows: 375 

!!"#$% = !!"# +$!
#%&"

#'&
√) , 376 

where ;!"*  is the pair representation at layer <, ' is the dimension of hidden representations, and 377 

%&"
#'&is the transpose of the key vector for atom #.  378 

 379 

For atom representation, the transformer block incorporates the 3D representation as a bias in the 380 

attention function. Each attention head uses weights 0# ∈ 2$ , 0% ∈ 2$ and	0+ ∈ 2$ to 381 

transform atom representation into queries 4 and keys 6 and values =. The self-attention with 382 

pair-to-atom communication is formulated as follows: 383 

+,,-.,/0.%$!
# , &"

# , 1"#' = 203,456 7$!
#%&"

#'&
√) + !!"#'%81"# , 384 

where ="* is the value vector of atom # at layer <. The FFN module within each block comprises 385 

two linear layers with a hidden dimension of 2048, separated by a ReLU activation function. 386 

Layer normalization is applied both before and after the FFN to maintain stable training 387 

dynamics. 388 

 389 

The molecular module effectively captures the spatial relationships between atoms based on their 390 

3D coordinates. To add explicit information about the molecule’s covalent bond structure to this 391 

spatial perspective, we subsequently employ a graph neural network (GNN), using the atom and 392 

pair representations generated by the molecular module as the initial node and edge embeddings 393 

for the molecular graph. These embeddings are then further refined by the GNN, which 394 

propagates information primarily along the chemical bonds. 395 

 396 

We employ a Message Passing Neural Network (MPNN)64 framework to generalize spatial 397 

convolution within the GNNs. For a molecular graph > with node embedding ?+ and edge 398 

embedding @+,, the MPNN operates in two phases: message passing and readout. During the 399 

message passing phase over A iterations, each node & updates its hidden representation (ℎ+- ) and 400 

message (E+
- ) as follows:  401 

E+
-./ = F G-(ℎ+- , ℎ0- , @+0)

0∈2(4)

, 402 

ℎ+-./ = H-(ℎ+- , E+
-./), 403 

where I(&) denotes the neighbors of node &. The readout phase computes a feature vector for 404 

the entire graph using a function J: 405 

KL = J({ℎ+6|& ∈ >}). 406 
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 407 

After thoroughly updating the node and edge embeddings, we adopt a weighted Graph 408 

Convolutional Network (GCN)32 as the application module to integrate them efficiently. 409 

Specifically, we transform the edge embeddings into scalar edge weights Q+0 by applying an 410 

average pooling operation to each edge embedding @+0. The message function is defined as 411 

M(h7, h8, e78) = w78 ⋅ h8, where ⋅ denotes scalar multiplication. The vertex update function is 412 

H-(ℎ+- , E+
-./) = / WX-

9:;(+)E+
-./Y, where σ is the sigmoid activate function, deg(v) is the degree 413 

of node v, and H<
= is a learned matrix for each time step t and vertex degree N. The readout 414 

phase R incorporates skip connections to all previous hidden states and is defined as J	 =415 

	_%∑ softmax(g-ℎ+- )+,- ., where f is a neural network, and W< are learned matrices for each 416 

timestep t.  417 
 418 
After processing through the molecular and application modules, the final embedding is 419 

transformed by a multilayer perceptron (MLP), comprising two linear layers with a dropout rate 420 

of 0.1 and employing the hyperbolic tangent activation function. This MLP converts the final 421 

embedding into the probability of RNA binding. 422 
 423 
Model training and evaluation. Our full dataset comprised 994 RNA-binders (positives) and 424 

3,767 protein-binders (negatives). For model evaluation and hyperparameter selection, this dataset 425 

was randomly partitioned into a training set (80%) and a benchmark set (20%, consisting of 192 426 

RNA-binders and 761 protein-binders). RiboBIND utilized weights initially pre-trained on a 427 

corpus of over 200 million small-molecule conformations via the Uni-Mol platform. This 428 

extensive pre-training was crucial for encoding the molecular knowledge essential for various 429 

predictive tasks. To ensure the robustness of our results, we performed five-fold cross-validation, 430 

where the training dataset was split into five parts, using four for training and one for validation in 431 

each fold. The performance metrics reported in the Results section (AUROC and AUPRC on the 432 

benchmark set) are the mean values obtained across these five folds. Fine-tuning was subsequently 433 

conducted on 4 A100 GPUs, each with 40 GB of memory, over the course of 50 epochs. We 434 

employed binary cross-entropy as the loss function, with a learning rate at 0.0001 and 5 epochs of 435 

warm-up. The batch size was set to 32. The Adam optimizer was employed, with default 436 

hyperparameter setting of β/ = 0.9, j? = 0.999, and ϵ = 1 × 10-6. Gradient clipping was applied 437 

with a maximum global norm of 1.0 to enhance training stability. 438 

 439 

Application of the pre-trained model to construct CSTAR library. Upon identifying the 440 

optimal hyperparameters through cross-validation, we trained a single, final RiboBIND model on 441 

our entire dataset (all 994 positives and 3,767 negatives) using these parameters. This strategy 442 

ensures that the final model leverages information from all available data, maximizing its 443 

predictive power for the large-scale screening.This comprehensively trained model was 444 

subsequently applied to a collection of over 13 million in-stock small molecules to generate the 445 

CSTAR library comprising over 5 million. The inference process was executed on 4 A100 446 
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GPUs, each with 40 GB of memory, and was completed in 45 hours. The results of this large-447 

scale prediction are accessible through our dedicated website. 448 

 449 

SHAP analysis 450 

 451 

10,000 compounds were randomly sampled from the CSTAR RNA-binding probability scores 452 

ranged from 0.5 to 1 (Supplementary Data). A total of 2,033 chemical descriptors of these 453 

compounds were generated using RDkit v2023.3.1 and Mordred v1.2.065. Descriptors with more 454 

than 10% missing values, all 0s or overlapping between Mordred and RDKit were mamually 455 

excluded, resulting in 1467 final descriptors subjected to random forest regression model from 456 

Scikit-learn v1.5.1 to simulate the RiboBIND model, with all remaining descriptors serving as 457 

the feature data and predicted RNA-binding probability as the target variable. The TreeExplainer 458 

from SHAP v0.46.0 was used to assess the impact of different descriptors on the model output.  459 

 460 

The 20 descriptors with highest SHAP impact values on the model output were divided into four 461 

major catagrories, including polarity (MinEStateIndex, BCUTd-1l, GATS2pe), aromaticity 462 

(n6HRing, piPC10, n6aHRing, fr_pyridine, GATS2are, SdsCH, n6Ring, SaaN), Van der Waals 463 

surface area (PEOE_VSA8, SlogP_VSA3, SMR_VSA5, Estate_VSA2, SlogP_VSA10, 464 

PEOE_VSA6) and topology (ATSC3s, Xc-5dv, AATSC0s). Five explainable representative 465 

descriptors, MinEstateIndex (Minimum E-state value), n6HRing (Number of 6-membered 466 

heterorings), PEOE_VSA8 (Van der Waals surface area with partial charges range from 0.20–467 

0.25), Xc-5dv(5th-order valence connectivity index), and AATSC0s(Average E-state value for 468 

carbon atoms at zero topological distance) were selected for comparisons among four datasets. 469 

The datasets included 5,000 randomly sampled compounds from the CSTAR library (red), 994 470 

compounds from the positive dataset (green), 3,767 compounds from the negative dataset (blue), 471 

and 1,615 FDA-approved drugs (yellow) (Supplementary Data 1). The whiskers in the boxplots 472 

represent 10-90% of data with outliers excluded, while the boxes encompass the middle 50% of 473 

the data. The black lines and × symbols denote the medians and means, respectively. Mann-474 

Whitney U test were performed between the CSTAR representative set and the other three 475 

datasets. 476 

 477 

Molecular docking 478 

 479 

The CSTAR library was subjected to molecular docking against the Tetrahymena ScaI L-16 480 

ribozyme using DOCK6 66. In brief, all CSTAR compounds were transformed into Mol2 format 481 

and processed in Open Babel 3.1.1 to retain only the largest contiguous fragment67. The 482 

Tetrahymena ScaI L-16 ribozyme model (PDB 7EZ0) was modified to remove the single-483 

stranded 5' end (nts 22-27), P6 (nts 227-248) and P9.2 (nts 372-399) to allow grid generation. 484 

The hydrogen atoms were added and AM1-BCC charges were assigned for the modified RNA 485 

model, whose surface was used to generate sphere clusters. These sphere clusters were visually 486 
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inspected to eliminate potential non-specific docking regions. The resulting sphere cluster 487 

created a grid with dimensions of 99 Å, 87 Å, 93 Å for molecular docking in DOCK6 with all 488 

other parameters set to default. A total of 8,392 diversified CSTAR library compounds with 489 

<0.25 similarity were docked to identify sphere clusters of high quality binding regions. The 490 

selected sphere clusters generasted a smaller grid with dimensions of 81 Å, 78 Å, 91 Å, which 491 

was then used for the entire CSTAR library. The structures of small molecules in complexes with 492 

L-16 were visually analyzed in Chimera to identify binding pockets 68.  493 

 494 

The top 10,000 small molecules were rescored and ranked using rDock and validated by 495 

RNAmigos2. For rDock, two-sphere method were used to create cavity with center coordinate 496 

(84, 82, 86) and 49 Å radius. Then, the default parameter were used for the docking step. Each 497 

molecule were docked 50 times, and the pose of the lowest score were extracted and used for 498 

ranking. As for RNAmigos2, any residue within 3.5 Å range of the diversified CSTAR 499 

compounds were identified as binding sites, and binding score was predicted and rancked. 500 

 501 

Finally, combining the result from DOCK6, rDock and RNAmigos2, the top 125 compounds 502 

were selected and purchased (from TargetMol), and their quantitative estimation of drug-likeness 503 

(QED) was evaluated69 (Supplementary Data 2). 504 

 505 
RNA preparation 506 
 507 
The L-16 ribozyme and Cal-nuLSU intron RNA were prepared as previously described19. In 508 

brief, the DNA templates in pUC-19 plasmids were amplified by PCR with a forward primer (5'-509 

TAATACGACTCACTATAGGTTTGGAGGGAAAAGTTATCA-3') and a 2'-O-methylated 510 

reverse primer (5'-/i2OMeC/i2OMeT/CCAAAACTAATCAATATACTTT-3') for L-16 511 

ribozyme, and a forward primer (5'-TAATACGACTCACTATAGGAAGGGAGGCAAAAG 512 

TAGGG-3') and a 2'-O-methylated reverse primer (5'-/i2OMeA/i2OMeC/TCCAAAACTAATC 513 

AATATACTTT-3') for Cal-nuLSU intron 70. RNAs were then synthesized through in vitro 514 

transcription in reactions containing 0.2 μM DNA templates, 40 mM Tris-HCl, pH 8.1, 25 mM 515 

MgCl2, 3.5 mM spermidine, 0.01% Triton X-100, 40 mM DTT, 4% PEG 8000, 3 mM NTPs, and 516 

7.5 U/μl T7 RNA polymerase (New England Biolabs). The transcription reactions were 517 

incubated at 37 °C for 3 hours, after which the RNA products were isolated by ethanol 518 

precipitation, then mixed with the loading buffer containing 95% formamide, 10 mM EDTA, 519 

0.1% xylene cyanol, and 0.1% bromophenol blue. The RNA samples were then purified on 8% 520 

29:1 acrylamide:bis, 7 M urea polyacrylamide gels. The gels were run at 25 W for 2 hours, then 521 

visualized briefly with a 254-nm UV lamp. The target RNAs were excised from the gels, cut into 522 

small pieces and eluted overnight at 4 °C in an RNase-free elution buffer containing 30 mM 523 

sodium acetate pH 5.2 and 1 mM EDTA. The gel slurry was then filtered through 0.45 µm filters 524 

(Minisart Syringe Filter, Sartorius), concentrated using a 30 kDa cutoff filter (Ultrafiltration 525 

Centrifugal Tube, Millipore), and subjected to ethanol precipitation. The resulting pellets were 526 
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washed with isopropyl alcohol, air-dried, dissolved in RNase-free water for quantification using 527 

a NanoDrop spectrophotometer (Thermo Scientific), and stored at -80 °C for future use. 528 

 529 

RNA biotinylation 530 

 531 

RNA biotinylation was performed following previously reported methods71. A total of 1 nmol of 532 

RNA was added to 10 µL of 0.5 M NaIO4 and 10 µL of 0.5 M NaOAc (pH 5.2), and the mixture 533 

was diluted to 50 µL with RNase-free water. The reaction was incubated at room temperature, 534 

protected from light, for 1.5 hours. After incubation, the reaction was terminated, and the 535 

oxidized RNA at the 3' end was recovered through isopropanol precipitation. The resulting pellet 536 

was washed with isopropyl alcohol, air-dried, and dissolved in 40 µL of RNase-free water. Next, 537 

10 µL of 50 mM biotin hydrazide was added, and the mixture was incubated at room 538 

temperature, protected from light, for 12 hours. Following incubation, phenol extraction was 539 

performed, and biotin-labeled RNA was recovered by isopropanol precipitation. The pellet was 540 

washed with isopropyl alcohol, air-dried, dissolved in RNase-free water, quantified using a 541 

NanoDrop spectrophotometer (Thermo Scientific), and stored at -80 °C for future use. 542 

 543 

Biotinylation efficiency was analyzed using gel shift assays with excess streptavidin (Sigma-544 

Aldrich). A total of 20 ng of biotinylated RNA was incubated with up to 1 µg of streptavidin for 545 

15 minutes in a buffer containing 10 mM Tris (pH 7.4), 2.5 mM MgCl2, and 100 mM NaCl. The 546 

mixture was then combined with loading buffer containing 250 mM Na-HEPES (pH 7.5), 5 mM 547 

EDTA pH 8.0, 50% glycerol, 0.1% xylene cyanol, and 0.1% bromophenol blue. Samples were 548 

loaded onto a 6% 29:1 acrylamide:bis polyacrylamide gel, which was run at 10 W for 1 hour. 549 

The gel was stained for 5 minutes with SYBR-Gold (Invitrogen) and visualized using a Bio-Rad 550 

ChemiDoc XRS+ ultraviolet transillumination molecular imager. Biotinylation efficiency was 551 

calculated by comparing the band intensity of the biotinylated RNA-streptavidin complex to that 552 

of the unmodified RNA. 553 

 554 

Biolayer interferometry (BLI) 555 

 556 

All BLI binding assays were performed using the Octet Red96e system. Before the experiments, 557 

biotinylated L-16 was refolded as described above and loaded onto the surface of super 558 

streptavidin biosensors (SSA, Sartorius) for 600 seconds. Optimal response levels were 559 

maintained between 0.5 and 2 nm, with variability within a row of sensors not exceeding 0.2 nm. 560 

A typical analysis cycle included baseline acquisition in 1× kinetics buffer (60 seconds), 561 

association in wells containing the compound (90 seconds), and dissociation in 1× kinetics buffer 562 

(90 seconds). After each cycle, the biosensors were washed in 1× kinetics buffer for 120 s before 563 

proceeding to the next cycle. A parallel set of biosensors without RNA loading were subjected to 564 

the same procedure. Compounds were initially screened at concentrations of 500 and 125 µM.  565 

 566 
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The resulting curves were corrected by first subtracting the response recorded from a sensor 567 

without RNA, followed by subtracting the response from a sensor loaded with RNA but 568 

incubated without compound. Compounds exhibiting a corrected response of >0.01 nm at both 569 

concentrations were further subjected to dose-response assays, with concentrations ranging from 570 

500 to 7.8 µM. Data analysis and curve fitting were performed using Octet Data Analysis HT, 571 

version 12.0. The experimental data were fitted using a 2:1 heterogeneous ligand (HL) model. A 572 

global analysis of all data for different compound concentrations was performed under the 573 

assumption of reversible binding, using nonlinear least squares fitting. KD values were calculated 574 

via steady-state kinetic analysis of the estimated equilibrium response (Req) according to the 575 

following equation, where [Compound] represents the compound concentration, Req is the 576 

estimated equilibrium response, kon is the association constant, and koff is the dissociation 577 

constant: 578 

K = 	J,@A

[mnEon)p']
[mnEon)p'] + r$ 579 

 580 

J,@A = JB#
sCD × [mnEon)p']

sCD × [mnEon)p'] + sCEE 581 

 582 

FRET experiment 583 

 584 

The Cy3 and FAM labeled RNA oligonucleotide substrate 5'-Cy3-CCCUCUAAACC-FAM-3' 585 

were purchased from Sangon Biotech. The FRET screening assay was performed using 384-well 586 

black polypropylene plates (Corning, part number 3677) in a 10 µL reaction volume containing 587 

50 mM Tris-HCl pH 7.5, 100 mM (NH4)2SO4, and 5 mM MgCl2. Prior to screening, RNAs were 588 

denatured at 90°C for 3 minutes in 50 mM Na-HEPES pH 8.0, cooled to room temperature for 589 

10 minutes, followed by the addition of MgCl2 to a final concentration of 10 mM. The sample 590 

was incubated at 50°C for 30 minutes and cooled to 25°C for 10 minutes. 591 

 592 

Reaction mixtures containing the buffer and refolded RNA were transferred to the assay plates, 593 

followed by the addition of 50 µM GTP. The reaction was initiated by adding the Cy3/FAM 594 

labeled substrate to a final concentration of 50/100 nM. Yeast tRNAs with final concentrations 595 

of 1 µM were added as needed. Plates were sealed with tape, protected from light, and incubated 596 

at 25°C for 15 minutes for the L-16 ribozyme reaction. After a brief centrifugation, fluorescence 597 

was measured. All fluorescence measurements were performed using a CLARIOstar Plus (BMG 598 

LABTECH) plate reader with an excitation filter of 482 nm (16 nm bandwidth) and an emission 599 

filter of 530 nm (20 nm bandwidth). 600 

 601 

Small molecules were dissolved in DMSO and diluted to the desired concentrations (200 and 602 

1000 µM) before being added to the reaction mixture, maintaining a final DMSO concentration 603 
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of 5%. Fluorescence readings were taken prior to adding the substrate to assess compound 604 

fluorescence interference (Iint, representing interference intensity) and the plate fluorescence 605 

background (I0, representing background intensity). After substrate addition, the mixture was 606 

incubated at room temperature for 15 minutes, and fluorescence was measured again following 607 

the same procedure (Icpd, representing compound intensity). For the inhibition activity assay, the 608 

well without RNAs served as the positive control (Imax, representing 100% inhibition), while the 609 

well with RNAs served as the negative control (Imin, representing 0% inhibition). Both controls 610 

contained 5% DMSO. The normalized FAM intensity for each compound was calculated using 611 

the following formula: 612 

InuEv<!w@'	xyG	!pz@p{!zK = (|FGH − |!D-) − (|,!D − |I)
(|,@A − |I) − (|,!D − |I)  613 

Compounds showing over 60% inhibitory activity against L-16 at 1000 µM concentration were 614 

further subjected to dose-response assays. Each compound was tested at six concentrations 615 

ranging from 1000 to 31 µM. The inhibition rate for each concentration was calculated using the 616 

following formula: 617 

|pℎ!}!z!np(%) = (|,@A − |I) − (|FGH − |!D-)
(|,@A − |I) − (|,!D − |I) × 100% 618 

IC50 values were calculated using dose-response inhibition analysis according to following 619 

equation, in which Top and Bottom are plateaus in the units of the Y axis, HillSlope describes the 620 

steepness of the family of curves. 621 

K = �nzznE + Ano − �nzznE
1 + 10(*CJ!"#$KL)	×	N!**O*CGB 622 

 623 

Cryo-EM sample preparation 624 

 625 

For cryo-EM analysis, four samples were prepared: (i) 20 µM refolded L-16 with 500 µM ZPT-626 

005, (ii) 1 µM refolded L-16 with 1 mM ZPT-084, and (iii) 2 µM refolded L-16 with 2 mM 627 

ZPT-084.10 each in 10 µL total volume. After incubating at room temperature for 15 min and 628 

cooling on ice, 3 µL aliquots were applied to glow-discharged (45 s) 200-mesh R2-1 Quantifoil 629 

Cu grids, blotted for 2.5 s at 4 °C (100% humidity), and vitrified in liquid ethane using a 630 

Vitrobot Mark IV (Thermo Fisher Scientific). 631 

 632 

Cryo-EM data acquisition and processing 633 

 634 

Frozen grids of L-16 in complex with ZPT-005 were loaded onto a Titan Krios G4 (Thermo 635 

Fisher) operated at 300kV, with a condenser lens aperture of 50 μm, spot size of 3, and a parallel 636 

beam with illuminated area of 0.63 μm in diameter. Microscope magnification was set to 637 

165,000× (corresponding to a calibrated sampling of 0.74 Å per pixel). For L-16 in complex with 638 

ZPT-005, a total of 10,783 movie stacks were automatically collected using EPU software on a 639 

Falcon 4i direct electron camera equipped with a Seletrics X energy filter with an energy slit of 640 
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20 eV (Gatan), operating in counting mode at a recording rate of 10 raw frames per second and a 641 

total exposure time of 3 seconds, yielding 32 frames per stack, and a total dose of 48 e-/Å2. All 642 

movie stacks were collected with defocus values ranging from -0.7 to -1.1 μm. The movie stacks 643 

were motion-corrected using patch MotionCorr and CTF estimation via patch CTF in 644 

cryoSPARC72, 10,751 micrographs were subjected to template picking with templates generated 645 

from the low-pass filtered (20 Å) holo L-16 map (EMD-31385), and 4,574,440 particles were 646 

extracted with a box size of 300 × 300 pixels and subsequently subjected to two rounds of 2D 647 

classification in cryoSPARC. Following 2D classification, 2,233,672 particles were selected for 648 

ab-initio 3D reconstruction and consequent heterogeneours refinement. The predominant class 649 

containing 1,118,181 particles (50.1% of selected particles) was subjected to iterative 650 

refinement, including reference-based motion correction (RBMC), homogeneous refinement and 651 

local resolution refinement, yielding a final map at 2.3 Å resolution. Visualization in Chimera 652 

showed extra density in site 1 for modeling of ZPT-005. 653 

 654 

For L-16 in complexes with ZPT-084 and ZPT-084.10, frozen grids were loaded onto a Titan 655 

Krios G3i (Thermo Fisher) operated at 300kV, with a condenser lens aperture of 50 μm, spot size 656 

of 6, and a parallel beam with illuminated area of 1.03 μm in diameter. Microscope 657 

magnification was set to 165,000× (corresponding to a calibrated sampling of 0.85 Å per pixel). 658 

A total of 5,333 and 1,800 movie stacks were automatically collected for L-16-ZPT-084 and L-659 

16-ZPT-084.10, using EPU software on a Gatan K2 direct electron camera equipped with a 660 

Bioquantum energy filter with an energy slit of 20 eV (Gatan), operating in counting mode at a 661 

recording rate of 5 raw frames per second and a total exposure time of 6 seconds, yielding 30 662 

frames per stack, and a total dose of 62 e-/Å2. All movie stacks were collected with defocus 663 

values ranging from -1.2 to -2.0 μm. The movie stacks were motion-corrected using 664 

MotionCorr273. After CTF correction via CTFFIND474, 5,283 micrographs of L-16-ZPT-084 of 665 

L-16-ZPT-084 were subjected to EMAN2 for neural network particle picking75. 3,686,007 666 

particles were extracted with a box size of 256 × 256 pixels and were subjected to two rounds of 667 

2D classification in Relion 476. After 2D classification, 2,271,733 particles were selected for 668 

multi-reference 3D classification. The multi-reference 3D classification was initiated in Relion 669 

using low-pass filtered holo L-16 maps at 20, 30, 40, 60, 80, and 100 Å as references. Following 670 

3D classification, two classes exhibited distinct RNA features, containing 989,224 and 683,172 671 

particles, respectively, corresponding to the N and I conformations of L-16. For the N 672 

conformation, homogeneous and local refinement was performed in cryoSPARC to yield a 673 

density map at 2.9 Å resolution. For the I conformation, focused 3D classification was applied to 674 

the P9 and P9.2 regions in cryoSPARC, and the class of 154,740 particles with the most 675 

complete density map was selected for homogeneous and local refinement, resulting in a density 676 

map at 3.8 Å resolution. 1,781 micrographs of L-16-ZPT-084.1 were subjected to the same 677 

procedure, resulting in 565,713 particles of only I conformation at 4.3 Å resolution. 678 

 679 
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The N conformation was visualized in Chimera, with the apo N model (PDB 7EZ0) docked into 680 

the density19. Subtraction of the N density in the presence of ZPT-084 by the apo N density 681 

revealed additional densities in the core region and P9.2. Another round of 3D classification and 682 

subsequent refinement in cryoSPARC resulted in five reconstructions with additional densities in 683 

the P9.2 region, ranging from 3.0 to 3.3 Å resolution, accounting for 815,495 particles. 684 

Refinement of the remaining major class containing 173,729 particles yielded a cryo-EM density 685 

map at 3.0 Å resolution with additional densities in the core region. Another round of 3D 686 

classification focused on this core region resulted in four classes with individually separated 687 

additional densities. The major class containing 60,100 particles was subjected to local 688 

refinement, yielding a final reconstruction at 3.0 Å resolution. Visualization in Chimera showed 689 

extra bending density in site 2 for modeling of ZPT-084. The I conformation was processed 690 

under the same procedure, however, no apparent density corresponding to ZPT-084 was 691 

observed. 692 

 693 

Cryo-EM model building, refinement and analysis 694 

 695 

As the ZPT-005-bound N density map at 2.3 Å resolution reveals metal ion and water densities, 696 

the four recent models containing both concensus and non-concensus metal ion and water 697 

molecules (PDB 9CBU, 9CBW, 9CBX and 9CBY) were combined and docked in the ZPT-084-698 

bound N density map25, and manually adjustmented with removals of inappropriate metal ions 699 

and water molecules in Coot77. ZPT-005 and ZPT-084 were docked into the additional densities 700 

of their corresponding cryo-EM maps using EMERALD78. In brief, the protonation states of 701 

ZPT-005 and ZPT-084 were calculated using phenix.elbow, and partial charges were added via 702 

Chimera v1.16. Parameter files for ZPT-005 and ZPT-084 were generated with Rosetta79, and 703 

used as input files along with the apo N model and small molecule-bound N density maps to run 704 

the EMERALD docking program.  705 

 706 

The apo N model was docked in the cryo-EM map of I conformation and P7, P9, P9.2-P9.1-P13 707 

were manually docked into the corresponding density in Chimera, followed by manual 708 

adjustments in Coot. All fragments were assembled by rigid-body docking in UCSF Chimera, 709 

and the full model was further refined manually in Coot to optimize geometry and correct local 710 

conformations.  711 

 712 

The complete models were refined with Phenix.real_space_refine80, achieving average model-713 

map correlation coefficiency (CCmask) of 0.72 for ZPT-005-bound model, 0.73 for ZPT-084-714 

bound model, and 0.67 for I model, respectively. The final models were validated with 715 

MolProbity and Q-score analysis81,82. ZPT-005 and ZPT-084 interactions were analyzed by 716 

Discovery Studio v21.1.0 assisted by visualizations in Chimera. 717 

 718 

General Synthetic Procedures of ZPT-084 analogues 719 
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General procedure 1: synthesis of glycidyl ethers. To a magnetically stirred solution of K2CO3 720 

(2 equiv) and aryl alcohol (1 equiv) in anhydrous CH3CN (0.1 M) was added epichlorohydrin (1 721 

equiv), and the mixture was stirred magnetically at 70 ℃. After completion of the reaction (9 h, 722 

monitored by TLC), the reaction mixture was cooled to room temperature (RT), filtered, and the 723 

solvent was evaporated under vacuum. The crude residue was purified by flash column 724 

chromatography (hexane/EtOAc) to afford the glycidyl ethers83.  725 

 726 
 727 

General procedure 2: synthesis of epoxy amines. To a 100 mL round bottom flask was added 728 

aniline (1 equiv), epichlorohydrin (1.1 equiv) and ethanol (0.1 M). The mixture was heated to 729 

80 ℃ and stirred for 12 h. After removing solvents, the intermediate I was isolated and purified 730 

by flash column chromatography. I was then dissolved in DCM and 0.3 M aqueous sodium 731 

hydroxide was added. The two-phase mixture was vigorously stirred overnight. The organic 732 

layer was washed twice with water and dried over MgSO4. The organic layer was filtered 733 

through Celite and evaporated to give product II84. 734 

 735 
 736 

General procedure 3: synthesis of β-amino alcohol derivatives. A stirred solution of glycidyl 737 

ether (2.1-2.5 equiv), piperazine (1 equiv), and catalytic amount of pyridine (0.1 equiv) in 738 

ethanol (0.1 M) was heated at reflux (78 ℃) for 4 h. The reaction mixture was concentrated 739 

under vacuum. The crude residue was purified by flash column chromatography (DCM/MeOH). 740 

 741 
 742 

General procedure 4: synthesis of β-amino ester. In a round-bottom flask equipped with a 743 

PTFE-coated stirring bar, the appropriate carboxylic acid (1 equiv), EDCI·HCl (1.5 equiv), the 744 

β-amino alcohol (1.1equiv.), DMAP (1.2 equiv.) were dissolved in DCM (1.0 M. The reaction 745 

was stirred at RT overnight, then poured in water (approx. 5 mL/mmol). The layers were 746 

separated, then the aqueous layer was extracted once with CH2Cl2 (approx. 5 mL/mmol), then 747 

the combined organic layers were washed once with distilled water (approx. 5 mL/mmol), dried 748 

over MgSO4 and the solvent was removed under vacuum. The crude residue was purified by 749 

flash column chromatography (DCM/MeOH) to afford the desired ester85. 750 
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 752 

Figure preparation 753 

 754 

Figures and illustrations were prepared using Chimera v1.16, ChimeraX v1.6, GraphPad Prism 755 

10.0. and Adobe Illustrator. 756 

 757 
Data availability 758 
 759 
The cryo-EM maps and associated atomic coordinate models of Tetrahymena ScaI L-16 760 

ribozyme in complexes with ZPT-005 and ZPT-084 have been deposited in the wwPDB OneDep 761 

System under EMD accession and PDB ID codes of EMD-64492 and 9UTI for the ZPT-005-762 

bound N conformation, EMD-61283 and 9J9X for the ZPT-084-bound N conformation, and 763 

EMD-61359 and 9JC8 for the I conformation. 764 

 765 
Code availability 766 
 767 
The RiboBIND model is a Graph Isomorphism Network (GIN) implemented in PyTorch. Given 768 

a small molecule SMILES string, the model: (1) converts the molecule to a graph with atom and 769 

bond features using RDKit; (2) passes atom features through 3 GIN layers with edge MLP; (3) 770 

aggregates node embeddings via sum pooling; (4) passes the graph embedding through a 2-layer 771 

MLP classifier with ReLU and dropout (p=0.3); and (5) applies sigmoid to output a binding 772 

probability score (threshold 0.5 for binary prediction). The model was trained on a dataset 773 

comprising 994 RNA-binders (positives) and 3,767 protein-binders (negatives), provided in 774 

Supplementary Data 1. The code is provided as Supplementary Software with this submission 775 

and will be released at https://github.com/BEAM-Labs/RiboBIND under an MIT license upon 776 

acceptance. 777 
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Main figure 803 

 804 
Fig. 1 | Curation of the CSTAR library using RiboBIND model. A, Model training dataset 805 

with RNA-binders as positives and protein-binders as negatives. B, The RiboBIND training 806 

scheme, in which the training dataset in SMILES format generates their 3D atomic coordinates 807 

and molecular graph, then proceed through molecular module and application module to train the 808 

corresponding atom and pair representations for RNA-binding preference. The final graph neural 809 

network generates output as RNA-binding probability for the input small molecules. C, A 810 

benchmark dataset kept blinded from the MRL training validates the model’s capability of 811 

distinguishing RNA-binding from protein-binding compounds. D, A collection of about 13 812 

million commercial small molecules was applied to the RiboBIND model. E, The model 813 

predicted more than 5.2 million commercial small molecules targeting RNA and this CSTAR 814 

library was deposited on a webserver for browse, search, prediction and download.  815 
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 816 
Fig. 2 | Schematic workflow of HitSTARS. A, HitSTARS workflow. B, Virtural screening 817 

revealed primary allosteric binding site 1 and site 2. C-D, Schematic drawing of functional 818 

screening to validate RNA-binding and catalysis inhibition. E, Cartoon illustration of the small-819 

molecule recognition and MOA. 820 
  821 
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 822 
Fig. 3 | Functional screening revealed hit compounds bound to L-16 and inhibited catalysis. 823 

A, All purchased compounds were screened for binding capacity using BLI at 500 and 125 µM 824 

concentrations, 23 compounds were subjected to KD determination (labeled in blue). B, FRET 825 

screening of all compounds at 1,000 and 200 µM concentrations, 22 compounds were subjected 826 

to dose-response analysis to determine IC50 values (labeled in orange). C, KD and IC50 values of 827 

nine hit compounds bound to site 1 (magenta) and site 2 (green). D, Structures, binding affinity 828 

and inhibition curves for ZPT-005 and ZPT-084. All data were presented as mean values ± 829 

standard deviation (SD) from two independent experiments.   830 
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 831 
Fig. 4 | Cryo-EM structure of L-16 complexed with ZPT-005 revealed its recognition 832 

pattern and MOA. A, Cryo-EM map (left) and model (right) of L-16 complexed with ZPT-005 833 

(magenta). B, Zoom-in view of the cryo-EM density and model (left) of ZPT-005 (magenta 834 

surface at 1 σ threshold) binding at site 1 (grey mesh at 3 σ threshold), and cartoon illustration of 835 

ZPT-005 binding mechanism (right). C, Electrostatic potential surface of ZPT-005 binding at site 836 

1. D, Cryo-EM density and model of J1/2 in the presence of ZPT-005. E, Comparison of overall 837 

structures (left) of L-16-ZPT-005 (grey) and Tet-S1 (light blue, 8I7N) and zoom-in view of P1 838 

(sandy brown) and J1/2 (right). Black labels indicate base stackings, red dashed lines indicate 839 

anion-π interactions, black dashed lines indicate hydrogen bonds, blue dashed lines indicate 840 

metal coordinations, green spheres indicate metal ions, and red spheres indicate water molecules. 841 

  842 



	 	 	

	
27	

Fig. 5 | Cryo-EM structure of L-16 complexed with ZPT-084 revealed its recognition 843 

pattern. A, Cryo-EM map (left) and model (right) of L-16 complexed with ZPT-084 (light sea 844 

green) in N conformation. The map is colored according to the model. B, Cryo-EM map of the 845 

L-16 I conformation, colored according to the model. C, Electrostatic potential surface of ZPT-846 

084 binding at site 2. D, Zoom-in view of the cryo-EM density and model (left) of ZPT-084 847 

(light sea green surface at 1 σ threshold) binding at site 2 (grey mesh at 3 σ threshold), and 848 

cartoon illustration of ZPT-084 binding mechanism (right). E, Superposition of L-16 N and I 849 

conformations revealed large conformational changes of P7, P9 and P9.2-P9.1-P13. F, Zoom-in 850 

view of L-16 catalytic site in I conformation, in which the distance between putative exoG 851 

(transparent dark magenta) in P7 G-binding site (dodger blue) and 5'-SS (transparent chartreuse) 852 

was extended to 8 Å to inhibit L-16 catalysis. The putative P1 and exoG were modeled according 853 

to Tet-S1 (PDB 8I7N). Red dashed lines indicate anion-π interactions, black dashed lines 854 

indicate hydrogen bonds, blue dashed lines indicate metal coordinations, and green sphere 855 

indicates metal ion.   856 
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 Fig. 6 | MOA of ZPT-70 and lead optimization to improve binding affinity and inhibition 857 

activity. A, Replacement of phenolyl to anilinyl moieties (pink circle) and acetylations of both 858 

R2 hydroxyl groups (green oval-shapes) deteriorated compound potency. B, Substitution of both 859 

R1 groups (blue oval-shapes) resulted in moderate potency enhancement by ~2-fold (ZPT-70.3). 860 

C, Benzoyl acylations and phenylacetylation of one R2 hydroxyl group (green oval-shape) 861 

facilitated maximal enhancement of the potency by ~20 fold (ZPT-70.15). All data were 862 

presented as mean values ± standard deviation (SD) from two independent experiments. 863 

  864 
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 865 
Fig. 7 | Schematic illustration of ZPT-005 and ZPT-084 MOA. A-B, L-16 catalysis is initiated 866 

upon exoG binding and P1 translocation from the relaxed (A) to docked conformation (B). C, 867 

ZPT-005 binds to L-16 site 1 and stabilizes the J1/2 in P1 undocked conformation to inhibit 868 

catalysis. D, ZPT-084 binds to L-16 site 2 and disrupts P5/L9 tertiary interaction to induce large 869 

conformational changes to translocate the catalytic site away from the 5'-SS to inhibit catalysis. 870 

871 
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