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ABSTRACT 

This thesis focuses on the development of computational methodologies for predicting 

protein-RNA binding affinities and designing RNA sequences with specific functional outcomes. The 

research introduces PANTHER (Protein-Affinity for Nucleic Target-binding, Hybridization, and Energy 

Regression), a novel machine learning-based scoring function that predicts protein-RNA binding 

affinities through a local-to-global approach. The methodology integrates molecular dynamics 

simulations and machine learning models to estimate local interaction energies between amino 

acids and nucleotides, which are then aggregated to predict global binding affinities. A dedicated 

web service has also been developed to provide the public access of PANTHER score 

(https://nova.disfarm.unimi.it/panther/).  In addition, the thesis extends the RISoTTo (RIbonucleic 

acid Sequence design from TerTiary structure) framework to handle conformationally flexible RNA 

molecules, enabling context-aware RNA sequence design. The integrated computational framework 

presented in this work aims to advance the understanding and practical prediction of protein-RNA 

interactions, supporting the development of RNA-targeted therapeutics and enhancing the field of 

computational structural biology. 

 

Keywords: protein-RNA interactions, binding affinity prediction, machine learning, molecular 

dynamics simulations, Random Forest regression, local-to-global approach, PANTHER score, web 

service, RNA sequence design, geometric transformers, conformational flexibility, RNA therapeutics 
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Chapter 1  
 

Introduction 

1.1 The Biological Significance of Protein-RNA Interactions 

Protein-RNA interactions constitute one of the most fundamental molecular recognition 

processes in cellular biology, underlying a vast array of essential functions including regulation of 

gene expression, mRNA splicing, post-transcriptional modifications, RNA transport, and stability [1], 

[2]. These interactions are involved not only in fine-tuning steady-state levels of transcripts but also 

in responding to environmental signals, developmental cues, and stress by modulating RNA 

behavior at multiple levels [3]. The quantitative measure of protein-RNA interactions, 

namely binding affinity, serves as a critical determinant of biological function. High-affinity 

interactions often correlate with more robust gene regulation, greater stability of RNA molecules, 

and tighter control of post-transcriptional processes [4]. For example, engineered RNA-binding 

domains with enhanced affinity have been shown to increase regulatory impact without sacrificing 

specificity[5]. Studies of RNA-binding protein function also emphasize that biological outcomes, 

such as mRNA splicing, localization, translation, and decay are shaped not merely by the presence 

of binding RNA-protein, but by how strongly the binding occurs [6]. The biological importance of 

protein-RNA binding affinities extends beyond basic cellular processes to disease mechanisms and 

therapeutic interventions. Dysregulation of RNA-binding proteins (RBPs) has been increasingly 

recognized as a key factor in the onset and progression of numerous diseases, including 

neurodegeneration, cancer, and developmental disorders [7]. This recognition has positioned 

protein-RNA interactions as attractive therapeutic targets, particularly in the emerging field of RNA-

targeted drug discovery [8],[9],[10]. Hence, investigating the affinity of the protein-nucleic 

acid complexes have a broad spectrum of applications, such as designing complexes with desired 

affinities, predictive methods for the target sites, and the quantitative simulation of gene regulation 

networks. 

1.2 Protein-RNA Interactions in Drug Discovery  

Understanding the binding affinity between proteins and RNA has become a cornerstone of 

modern drug discovery. While only a small fraction of the human genome encodes proteins, more 

than 70% is transcribed into diverse non-coding RNAs [9]. If these RNAs can be selectively targeted, 



 

14 
 

they represent a vast expansion of the druggable space, opening therapeutic opportunities well 

beyond traditional protein-centric approaches. RNA therapeutics provide versatile strategies to 

modulate protein-driven diseases, particularly where conventional modalities such as small 

molecules or antibodies are limited. Unlike protein-targeted drugs, RNA molecules can be 

engineered to recognize and engage biological systems through multiple mechanisms [10]. Small 

interfering RNAs (siRNAs) utilize the endogenous RNA-induced silencing complex (RISC) to degrade 

complementary mRNAs, thereby preventing the production of pathogenic proteins [11]. Their 

clinical success is demonstrated by several FDA-approved therapeutics, including patisiran [12], 

givosiran [13], lumasiran [14], inclisiran [15], [16], vutrisiran [17], and nedosiran [18]. Notably, many 

of these siRNAs preferentially target untranslated regions rather than coding sequences, reflecting 

the precision achievable in modulating protein–RNA interactions [19]. Antisense oligonucleotides 

(ASOs) act through complementary binding to RNA, where they recruit proteins such as RNase H or 

spliceosome components to induce transcript degradation or modulate splicing [20]. Clinically 

approved examples include nusinersen, which modulates SMN2 splicing for spinal muscular atrophy 

[21], eteplirsen, which promotes exon 51 skipping in the dystrophin transcript for Duchenne 

muscular dystrophy[22], and inotersen, which triggers RNase H–mediated degradation of 

transthyretin mRNA in hereditary transthyretin amyloidosis [23]. 

MicroRNAs further illustrate the complexity of RNA-based therapeutics, as they regulate gene 

expression post-transcriptionally by forming transient complexes with Argonaut proteins in RISC. A 

single microRNA can fine-tune the expression of hundreds of target transcripts, highlighting the 

breadth of protein–RNA regulatory networks [24]. RNA aptamers are single-stranded 

oligonucleotides that fold into three-dimensional structures capable of binding proteins with high 

affinity and specificity, often described as “chemical antibodies” [25]. They are identified through 

the SELEX process, an iterative in vitro selection strategy [25]. To date, two aptamer therapeutics 

have been approved by the FDA, such as pegaptanib [26], which targets VEGF165 in neovascular 

age-related macular degeneration [26], and avacincaptad pegol [27], which inhibits complement 

protein C5 in geographic atrophy secondary to AMD. Aptamer-protein complexes frequently 

achieve dissociation constants in the pico- to nanomolar range [28], and their thermodynamic 

stability can be described by binding free energy relationships [29]. The spectrum of RNA 

therapeutics extends further: ribozymes capable of catalyzing RNA cleavage[30], long non-coding 

RNAs that serve as scaffolds for protein recruitment [31], CRISPR guide RNAs that direct Cas proteins 

for programmable genome editing [32], and circular RNAs that act as molecular sponges for 
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microRNAs or RNA-binding proteins [33]. The programmable nature of RNA allows the creation of 

multifunctional therapeutic constructs that act simultaneously as targeting ligands and therapeutic 

payloads [34]. Aptamer-siRNA chimeras are a striking example, combining selective protein 

recognition with gene-silencing activity and illustrating how precise binding affinities can be 

harnessed in complex disease contexts [35]. By exploiting these properties, RNA therapeutics are 

being developed for diseases rooted in dysregulated protein-RNA interactions, including cancer, 

neurodegeneration, viral infections, and genetic disorders [36]. Through a precise understanding of 

protein-RNA binding affinities, integrated RNA systems can distinguish disease-associated proteins 

from off-targets and deliver therapeutic RNAs that disrupt pathological interactions directly to 

affected cells. However, the accurate quantification of protein–RNA binding affinities ultimately 

relies on experimental methods such as electrophoretic mobility shift assays (EMSA), surface 

plasmon resonance(SPR), and isothermal titration calorimetry (ITC), which remain essential for 

validating specificity and guiding the development of therapeutic protein-RNA complexes [37].[38], 

[39], [40],[41], [42], [43], [44]. 

1.3 Experimental Challenges in Protein-RNA Binding Affinity 

Determination 

The experimental determination of protein-RNA binding affinities relies on several 

sophisticated biophysical techniques, each with distinct advantages and limitations. Traditional 

methods include fluorescence spectroscopy [38] surface plasmon resonance [39] electrophoretic 

mobility shift assays [9,10], isothermal titration calorimetry [40] and filter binding assays [41]. While 

these techniques provide accurate and reliable measurements, they are inherently time-consuming, 

labor-intensive, and costly procedures that require specialized equipment and expertise. 

[45][46][47][48]. More importantly, these experimental approaches face fundamental challenges 

when applied to protein-RNA systems. As RNA molecules exhibit significant conformational 

flexibility, making structural characterization difficult [42], the dynamic nature of protein-RNA 

interactions involves induced-fit mechanisms and allosteric effects, which further complicates 

experimental analysis [43]. Additionally, many protein-RNA complexes are transient or context-

dependent, requiring specific cellular conditions that are difficult to replicate in vitro [44] For 

instance, RNA chaperones interact only fleetingly with their RNA substrates to promote proper 

folding without forming stable complexes [45]. Similarly, the assembly of nascent 

ribonucleoproteins during transcription involves a cascade of transient protein-RNA contacts that 
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are replaced as the RNA matures [46]. Context-specific assemblies such as stress granules further 

demonstrate this principle, as they form through dynamic protein-RNA interactions under stress 

conditions and rapidly dissolve once normal cellular states are restored  [47], as mentioned in 

previously,  regulatory RNAs also exemplify this dynamic behavior, microRNAs form transient 

complexes with Argonaut proteins within the RNA-induced silencing complex (RISC), and their 

activity depends on the presence of specific target transcripts and cellular conditions [48] The 

scalability limitations of experimental methods become particularly apparent in the context of 

modern drug discovery efforts, which increasingly focus on larger biomolecules such as RNA 

aptamers and riboswitches [49]These constraints have created an urgent need for reliable 

computational alternatives that can complement and, in some cases, replace experimental 

measurements. 

1.4 Evolution of Computational Approaches 

1.4.1 Early Sequence-Based Methods 

The computational prediction of protein-RNA binding affinities has undergone significant 

evolution over the past two decades. Early approaches primarily relied on sequence-based methods 

that analyzed amino acid and nucleotide compositions, evolutionary conservation patterns, and 

basic physicochemical properties for binding site predictions. During mid-2006, BindN [50] 

employed amino acid properties such as charge and polarity, for predicting the binding site. Right 

after a year in mid-2007 RNABindR [51]  was introduced which uses sequence conservation and 

composition to identify RNA-binding residues and identifies its binding sites which are critical to 

bind with a protein. [57] Right after these pieces of software, in the early-2008 PPRInt [52] used 

evolutionary profiles and support vector machines for prediction in this area of research. Although 

computationally efficient, these methods were limited by their inability to capture the three-

dimensional aspects of molecular recognition that are crucial for accurate binding affinity 

prediction. The limitations of sequence-only approaches became increasingly apparent as structural 

biology advanced, and more protein-RNA complex structures became available through X-ray 

crystallography and NMR spectroscopy. The recognition that “structure matters” in protein-RNA 

interaction prediction marked a paradigm shift toward incorporating three-dimensional structural 

information into computational frameworks [53]. 
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1.4.2 Structure-Based Methods 

The incorporation of three-dimensional structural information into computational models 

marked a major advance over sequence-only methods for predicting protein-RNA binding affinity. 

Early structure-based approaches relied on docking simulations coupled with statistical scoring 

functions to evaluate protein-RNA interfaces. Among the pioneering efforts, in 2003 Prof. Bonvin 

and his team introduced HADDOCK [54], in this area and later extended its data-driven docking 

framework to protein-RNA complexes, integrating experimental restraints with energetic terms 

such as electrostatics, van der Waals, and desolvation energies. Similarly, Pérez-Cano, Solernou, 

Pons & Fernández-Recio [55] in 2010, developed a propensity-based statistical potential for protein-

RNA docking, capturing residue-nucleotide interaction propensities at the interface to score rigid-

body docking poses, which improved prediction accuracy. Other structural studies emphasized the 

importance of solvent accessibility and conservation of interaction surfaces in defining protein-RNA 

[56]. For a long time, docking and statistical approaches marked as a significant advancement. 

Clearly improved upon sequence-based predictors by incorporating structural determinants of 

binding. However, their utility remained constrained by the limited number of available 

experimental structures and by their reliance on static models that could not capture the flexibility 

of protein-RNA interfaces. As these limitations became increasingly apparent, the field gradually 

entered a new phase: the emergence of machine learning methods, which offered the potential to 

overcome these constraints and achieve further improvements in predictive accuracy. 

1.4.3 Machine Learning and Deep Learning Methods 

Although support vector machines and other statistical classifiers were already employed in 

some of the early sequence-based predictors [57], these models largely relied on limited 

handcrafted features and were constrained by data availability. The subsequent era marked a 

broader expansion of machine learning approaches, in which data-driven algorithms such as 

Random Forests and Gradient Boosted Trees were applied to larger and more diverse feature sets 

derived from both sequence and structure [58], [59], [60]. This shift represented a genuine 

methodological advance, moving from shallow classifiers applied to narrow feature representations 

toward more systematic and scalable ML frameworks for affinity prediction, which marked another 

significant milestone in the field's evolution. Building on these developments, deep learning 

methods have recently become highly influential in protein-RNA interaction prediction. While 

machine learning models such as Random Forests, GBoost and XGBoost offer important advantages 

for biological applications, including greater interpretability through feature importance analysis, 
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robustness on relatively small data sets, and reduced risk of overfitting, on the other hand deep 

learning approaches gained popularity due to their ability to efficiently process large-scale data and 

capture complex, nonlinear dependencies. Convolutional Neural Networks (CNNs) have been 

applied to detect local sequence or structural motifs relevant for binding [61], and Recurrent Neural 

Networks (RNNs) or Long Short-Term Memory (LSTM) units have been employed to model long-

range dependencies in protein and RNA sequences [62]. Building on these advances in sequence 

and structure modeling, recent efforts have turned toward predicting binding affinities, where the 

goal is not only to recognize interactions but also to quantify their strength. This shift marks an 

important step toward developing more accurate and practical models of protein–RNA recognition 

through machine learning approaches.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                 

1.5 State-of-the-Art in Binding Affinity Prediction 

1.5.1 Advances in Machine Learning Approaches 

Early ML approaches, such as PredPRBA introduced by Deng et al. in 2019 employed gradient 

boosted regression trees with diverse sequence and structural features, demonstrating the 

potential of data-driven methods to capture complex, non-linear relationships in protein-RNA 

binding that were difficult to model using traditional physics-based approaches. The PredPRBA 

methodology further incorporated different predictive models depending on the interacting RNA 

structure, recognizing that binding affinity prediction might require system-specific strategies. 

Further, Nithin et al. in 2019 developed a structure-informed ML model that integrated interface 

parameters such as hydrophobicity, contact surface, and hydration patterns, highlighting the value 

of combining geometric and physicochemical descriptors with statistical learning for affinity 

estimation [63]. These efforts underscored both the promise and the challenges of ML-based 

methods: while they achieved reasonable correlations with experimental data on training sets, their 

performance on diverse, independent test cases often revealed limitations in generalizability. 

Recently in early-2024 the development of PRA-Pred represented another significant advancement, 

utilizing features such as base parameters, interaction energies, number of contacts, and hydrogen 

bonds to predict ΔG values through a web-based interface[64]. While more accessible than earlier 

models, PRA-Pred's performance on diverse datasets again reflected the ongoing challenges in 

developing robust, generalizable prediction methods. 
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1.5.2 Advances in Deep Learning Approaches 

1.5.2.1 Transformer Architectures and Language Models 

Recent advances in deep learning have begun to reshape protein–RNA binding affinity 

prediction. The most notable development is CoPRA [65] which integrates pretrained protein 

language models (ESM-2) and RNA language models (RNA-FM) with structural interface features. 

CoPRA employs a transformer-based architecture (Co-Former) to fuse multimodal representations 

and was trained on a large, curated dataset (PRA310) of protein-RNA complexes. This approach 

achieved state-of-the-art performance in binding affinity prediction and mutation effect analysis, 

highlighting the promise of large-scale pretrained models and cross-modal fusion for modeling 

protein-RNA interactions. Nevertheless, the scarcity of high-quality protein-RNA binding affinity 

datasets remains a major bottleneck, often limiting the generalizability of machine and deep 

learning models. This challenge underscores the need for curated experimental data and innovative 

strategies such as data augmentation or transfer learning. 

1.6 Limitations and Research Gaps  

1.6.1 Data Scarcity and Quality Issues 

One of the most significant challenges facing AI and ML approaches in protein-RNA 

interaction prediction is the limited availability of high-quality training data. The Protein Data Bank 

(PDB) contains relatively few protein-RNA complex structures compared to protein-only or protein-

small molecule structures [66]. This scarcity of structural data limits the development and validation 

of machine learning models. Furthermore, experimental binding affinity data for protein-RNA 

complexes is even more limited. While databases like PDBbind [67], PRBAB v2 [68], and ProNAB 

[69], have made valuable contributions, the total number of protein-RNA complexes with 

experimentally determined ΔG values remains insufficient for training robust machine learning 

models without careful data augmentation strategies. 

1.6.2 Structural Flexibility and Dynamics 

RNA molecules exhibit markedly higher conformational flexibility than proteins, existing in 

dynamic equilibrium among multiple secondary and tertiary structures. This intrinsic flexibility 

complicates structure-based prediction methods that typically rely on a single static structure. 

Studies have shown that unbound RNA samples heterogeneous ensembles and that their 

conformational dynamics are directly linked to binding thermodynamics and recognition specificity 

[70]. Riboswitches provide a clear illustration of this principle, their ability to adopt alternative 
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structural states in response to small-molecule ligands underlies precise regulatory outcomes, and 

the energetic cost of switching between conformations is central to their binding behavior [71]. 

Similarly, in protein–RNA complexes, affinity is not determined solely by the static interface but also 

by the conformational adjustments of RNA upon binding, with mechanisms such as conformational 

selection and induced fit playing key roles [72]. 

As a result, accurate affinity prediction requires consideration of RNA dynamics and conformational 

ensembles rather than static structural snapshots, while most existing models for predicting 

protein-RNA affinity do not account for molecular dynamics [4] [73] 

1.6.3 Generalization and Accuracy Challenges 

A persistent challenge in computational binding affinity prediction is developing methods 

that generalize well across different protein families, RNA types, and biological systems. Many 

existing models achieve strong results on their training datasets but show substantial performance 

degradation when applied to structurally or evolutionarily distant complexes. This issue is well 

documented in blind tests of Protein-RNA binding affinity prediction, where methods that perform 

well on known complexes underperform on novel ones that differ in sequence or structure [4]. 

Reviews of the field also emphasize that the limited diversity of high-quality, experimentally 

annotated protein-RNA complexes constrains model [74], [75]. Moreover, increasing model 

complexity (e.g., adding many structural descriptors or complex features) often improves in-dataset 

performance but raises risks of overfitting, interpretability loss, and computational burden-factors 

that can reduce applicability in practical settings [76]. Moreover, experimental measurement of 

protein–RNA binding affinity is subject to systematic variability introduced by assay conditions such 

as temperature, pH, ionic strength, buffer composition, and the specific biophysical technique 

employed. These methodological factors can cause deviations in absolute values across 

laboratories, making direct numerical comparison of affinity measurements difficult [63], [77]. 

Consequently, training machine learning models to predict exact experimental values is inherently 

limited, since the reference data themselves are assay dependent. 

1.7 Addressing Current Limitations: Contribution of the Thesis 

1.7.1 Overcoming Data Scarcity by The Local-to-Global Strategy 

The above-mentioned challenges, compounded by the scarcity of reliable experimental data, 

highlight the need for alternative strategies that move beyond direct prediction of binding affinities. 

Therefore, the development of Protein-Affinity for Nucleic Target-binding, Hybridization, and 
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Energy Regression (PANTHER) scoring function was motivated by the recognition that a 

fundamentally different approach was needed to overcome the critical limitations in protein-RNA 

binding affinity prediction. Rather than attempting to directly predict global binding affinities from 

limited experimental data, we implemented a local-to-global strategy that focuses on learning and 

predicting local interaction energies between individual amino acids and nucleotides. This approach 

addresses the scarcity of experimental ΔG data by decomposing each protein-RNA complex into 

numerous local pairwise interactions, effectively transforming the data scarcity problem into a data 

abundance opportunity. Instead of requiring extensive experimental binding affinity datasets, the 

local-to-global methodology relies on locally decomposed pairwise interaction energies between 

amino acids and nucleotide bases derived from molecular dynamics simulations. The PANTHER 

methodology represents an innovative integration of physics-based simulations with machine 

learning techniques. By using molecular dynamics simulations to generate local interaction energies 

and then training machine learning models to predict these energies from simple structural 

features, the approach combines the accuracy of physics-based methods with the efficiency and 

scalability of machine learning. This hybrid strategy addresses key limitations of both approaches: 

physics-based methods, while accurate, are computationally expensive, whereas machine learning 

methods, while efficient, often lack the physical grounding necessary for accurate prediction and 

interpretation. 

1.7.2 Overcoming Structural Flexibility by Molecular Dynamics Simulations 

The inherent flexibility of RNA molecules presents a significant challenge for structure-based 

prediction methods that typically rely on static crystal structures. To address this limitation, we 

employed molecular dynamics simulations to capture the dynamic behavior of protein-RNA 

interactions and account for conformational flexibility. Our approach utilized extensive MD 

simulations to generate time-averaged interaction energies that represent persistent binding 

modes while filtering out transient, non-specific interactions. By implementing a temporal sampling 

strategy that focuses on thermodynamically significant interactions, we ensured that machine 

learning models are trained on biologically relevant binding patterns rather than random 

fluctuations. 
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1.7.3 Overcoming Generalizability by Evaluating Models with Stress Set and 

Binding Affinity Scores vs. Absolute Binding Energies 

1.7.3.1 Stress Set 

To rigorously assess the generalizability and real-world applicability of our approach, we 

implemented a comprehensive evaluation strategy using an independent stress set specifically 

designed to challenge our models under realistic conditions. The stress set consisted of protein-RNA 

complexes that were deliberately left untreated, without structural curation or MD simulations, to 

evaluate the method's performance on raw structural data as would be encountered in practical 

applications. This evaluation approach provided a stringent test of model transferability and 

robustness across diverse protein-RNA systems. Comparison with existing methods on this 

challenging dataset demonstrated the superior performance and generalizability of our local-to-

global approach, confirming its potential as a reliable tool for practical applications in structural 

biology and drug discovery research. 

1.7.3.2 Binding Affinity Scores 

A more pragmatic strategy is to develop binding affinity scoring functions that focus on 

reproducing relative rankings or comparative strengths of interactions. Such orderings tend to be 

more reproducible across methods and conditions than absolute magnitudes [78], [79]. By 

prioritizing correlation over absolute agreement, scoring functions acknowledge the constraints of 

experimental data while still providing biologically useful insights for ranking interactions and 

guiding experimental design. Such ranking-oriented approaches therefore provide a practical 

foundation for extending computational models toward broader applications in RNA biology. 

While accurate estimation of protein–RNA binding affinity is important for understanding molecular 

stability and the energetics of complex formation, it represents only one dimension of protein-RNA 

recognition. Equally critical is the ability to predict which RNA sequences are preferentially bound 

by a given protein under physiological conditions. As already known proteins interact with RNA in a 

selective manner, exhibiting preferences for particular sequence or structural motifs that determine 

the specificity of binding and ultimately regulate gene expression, splicing, and RNA metabolism 

[80].Thus, complementing affinity prediction with sequence preference prediction provides a 

complete picture of protein-RNA interactions, the former quantifies the strength of association, 

whereas the latter identifies the potential RNA partner. Integrating these perspectives is essential to 

advance both mechanistic understanding and therapeutic applications, since effective modulation 
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of protein-RNA complexes requires knowledge of not only how strongly proteins bind RNA but also 

which RNA sequences they are likely to target. 

 

1.8 RNA Sequence Prediction  

Building on this foundation, attention has increasingly shifted from predicting interactions 

to the more ambitious task of designing RNA molecules with specific functional outcomes.  

Therefore, while we accurately predict binding affinity which represents as one of the critical 

aspects of understanding protein-RNA interactions, the inverse problem, designing RNA sequences 

that achieve desired interactions, presents equally formidable challenges. Traditionally, 

computational drug discovery has emphasized the development of small-molecule compounds and 

protein-based therapeutics, often targeting symptoms or late-stage manifestations of disease. More 

recently, however, there has been a surge of interest in designing RNA-based medicines capable of 

intervening earlier in disease pathways, thereby disrupting the transmission of pathogenic 

information within cells [81], [82]. Prominent examples already reshaping biotechnology include 

mRNA vaccines and CRISPR-driven genome editing approaches [83]. Within the context of structure-

guided RNA design, particular attention has been directed toward ribozymes and riboswitches 

located in the untranslated regions of mRNAs [84], [85]. RNA molecules play central roles in nearly 

every aspect of cellular biology. The diverse functional group of RNAs is enabled by their structural 

versatility: a single RNA sequence can fold into multiple alternative conformations, allowing 

dynamic switching between functional states [70]. These properties make RNA an exceptionally 

powerful biomolecule, but also a challenging target for computational modeling and therapeutic 

design. In this context, RNA sequence prediction has emerged as a critical research frontier. 

Predicting or designing sequences that adopt desired structures and interactions under 

physiological conditions has broad implications for understanding RNA biology and for developing 

novel therapeutics. From a biomedical perspective, the ability to design RNA molecules with 

predictable structural and functional outcomes opens the door to new generations of RNA-based 

therapies. This is especially relevant given recent successes such as mRNA vaccines, which exploit 

synthetic messenger RNAs to direct the transient production of viral antigens and thereby elicit 

protective immune responses [86], and CRISPR–Cas systems, which use programmable guide RNAs 

to target specific nucleic acid sequences for editing, regulation, or degradation of genetic 



 

24 
 

material [87], [88]. These advances highlight the transformative potential of RNA as both a target 

and a therapeutic agent [89], [90] within a certain limitation. 

 

1.8.1 Current Limitations in RNA Sequence Design  

1.8.1.1 Secondary Structure-Based Design 

Initial computational efforts in RNA design concentrated on secondary structure, a problem 

formally known to be NP-hard [91]. A landmark study by Hofacker et al. (1994) introduced a local 

search strategy that optimized candidate sequences using thermodynamic energy functions, laying 

the foundation for systematic approaches to RNA inverse folding [92]. Building on this foundation, 

many subsequent methods relied on energy minimization guided by experimentally derived 

thermodynamic parameters [93], [94]. Parallel to deterministic approaches, probabilistic models of 

sequence distributions were developed as alternative strategies [95], [96], [97]. In addition, 

heuristic optimization techniques, including genetic algorithms [98], constraint programming [99], 

and ant colony optimization [100], were applied to improve search efficiency and sequence 

diversity. Together, these approaches established the computational principles of RNA sequence 

design within the secondary structure framework. Recent years have seen the integration of 

machine learning into RNA inverse folding. Notable examples include LEARNA and Meta-LEARNA, 

which employ reinforcement learning to iteratively generate RNA sequences predicted to adopt 

specified secondary structures [101]. These data-driven models highlight the growing potential of 

machine learning to replace handcrafted optimization schemes by directly learning sequence–

structure relationships from large datasets. 

1.8.1.2 Emerging Efforts in Three-Dimensional RNA Design 

In contrast to the well-studied field of 2D design, three-dimensional RNA sequence 

design has received comparatively limited attention. Early attempts, such as FARNA [102] 

and Rosetta fixed-backbone redesign [103] , introduced energy-based strategies remained 

constrained by computational cost and backbone rigidity. Moreover, recent deep learning 

approaches have begun to address these challenges. gRNAde applies a multi-state graph neural 

network with autoregressive decoding to design RNA sequences across multiple backbone 

conformations, explicitly incorporating structural flexibility [104] . RiboDiffusion frames the inverse 

folding problem as conditional sequence generation on a fixed 3D backbone, employing generative 

diffusion models to improve design accuracy [105]. Meanwhile, RhoDesign has been developed for 
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the de novo design of RNA aptamers, coupling structural prediction with generative modeling to 

guide sequence design [104] 

1.8.1.3 Context-Aware Geometric Deep Learning for RNA Design 

Despite the previous methods progress, existing 3D RNA design methods typically assume 

isolated RNA structures [104]and do not consider the broader molecular environments in which 

RNAs operate. In biological contexts, RNA structure and stability are often influenced or even 

determined by interactions with proteins [106], small molecules [107], ions [108], or DNA [109]. The 

development of RISoTTo (RIbonucleic acid Sequence design from TerTiary structure) addressed the 

context limitation by adapting the CARBonAra protein design framework for RNA applications [110]. 

RISoTTo introduced a parameter-free geometric deep learning approach that generates RNA 

sequences conditioned on both backbone scaffolds and surrounding molecular environments, 

including proteins, small molecules, DNA, and ions. The success of RISoTTo in achieving superior 

sequence recovery compared to existing methods (62% average recovery versus 45% for Rosetta 

and 43% for contemporary approaches) demonstrated the critical importance of molecular context 

in RNA design. The method's context-aware architecture enabled it to capture geometric and 

chemical constraints imposed by interacting partners, yielding biologically relevant sequences that 

maintained native-like folds when predicted using structural prediction tools. 

 

1.8.2 Addressing Current Limitations in RNA Sequence Prediction  

1.8.2.1 The Multi-State Extension Challenge 

Despite its advances in context awareness, RISoTTo operated under the assumption of static 

structural scaffolds, treating each RNA backbone as a fixed geometric entity. This limitation became 

particularly apparent when attempting to design functional RNAs that require conformational 

flexibility for their biological roles. The recognition that many RNA functions emerge from the 

interplay between conformational dynamics and molecular context presented a new challenge that 

required extending beyond single-state design paradigms. The inspiration for addressing this 

challenge came from gRNAde's demonstration that multi-state modeling could improve sequence 

recovery for structurally flexible RNAs [104]. However, gRNAde's approach was limited to isolated 

RNA molecules and could not incorporate the contextual information that RISoTTo had shown to be 

crucial for functional design. This created an opportunity to develop the first context-aware, multi-

state RNA sequence design framework. 
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While significant progress has been made in developing state-of-the-art methods for binding affinity 

prediction and in advancing strategies for rational RNA design, the ultimate impact of these 

innovations depends on their accessibility to the broader scientific community. Computational 

tools, no matter how powerful, must be delivered in a form that enables widespread adoption, 

reproducibility, and ease of integration into existing research pipelines. At present, the most 

effective means of achieving this dissemination is through the development of web-based 

platforms. Such platforms provide user-friendly interfaces, remove the need for extensive local 

computational resources, and facilitate community-driven benchmarking and iterative 

improvement. By lowering technical barriers, web-based implementations ensure that novel 

algorithms and design frameworks are not restricted to specialists in computational biology, but 

instead become broadly usable resources that can accelerate experimental discovery and 

translational applications. 

1.9 Web-Based Platforms for Computational Biology 

The development of web-accessible platforms has become a critical step in translating 

methodological advances in computational biology into tools that can be adopted by the broader 

research community. While standalone models and scripts often demonstrate strong predictive 

capabilities, their impact remains limited if accessibility requires specialized expertise or extensive 

computational resources. Web servers help overcome this barrier by providing user-friendly 

interfaces that enable non-specialists to apply advanced predictive methods to their own systems. 

In the specific field of protein-RNA binding affinity prediction, only a few dedicated web resources 

exist. The PredPRBA server [111] introduced a gradient boosted regression tree framework for 

predicting binding affinities, offering one of the earliest publicly available implementations in this 

domain. More recently, PRA-Pred [64] provided a structure-based web server that integrates base 

parameters, interaction energies, and hydrogen bond counts to estimate ΔG values. Both servers 

represented important steps toward practical deployment, yet their predictive accuracies and 

dataset coverage remain limited when applied to structurally diverse protein–RNA systems. To 

address these limitations, we developed the PANTHER web server, which extends our machine 

learning framework based on a novel local-to-global scoring methodology and Random Forest 

regression. By integrating amino acid–nucleotide interaction energies derived from molecular 

dynamics simulations into a global binding score, PANTHER demonstrates superior performance 

across benchmark datasets compared to existing tools. Importantly, the server was designed with 

accessibility in mind: it allows predictions from single PDB identifiers, batch submissions, or 
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uploaded structures, and provides both quantitative affinity scores (in kcal/mol) and 

thermodynamic categorizations. By making the method freely available through a web interface, 

PANTHER lowers the entry barrier for experimental and computational biologists, thereby 

facilitating applications in structural biology, functional genomics, and RNA-targeted drug discovery. 

1.10 Thesis Contributions: An Integrated Framework 

1.10.1 The Complete Research Cycle 

. The progression from the development of the PANTHER methodology to its deployment as 

a web server exemplifies the complete research cycle in computational biology. The initial 

methodological innovation addressed fundamental limitations in binding affinity prediction through 

the local-to-global approach, the integration of machine learning techniques, and the evaluation of 

the model using uncurated stress set. The web server development transformed this innovation into 

a practical and accessible tool, while the extended validation studies demonstrated real-world 

performance and reliability.  

This integrated approach provides multiple supporting contributions. The methodological 

development advances our fundamental understanding of protein-RNA recognition mechanisms 

and establishes new frameworks for biomolecular interaction prediction. The web server 

implementation ensures broad community access to the developed technology, while the extended 

validation provides confidence in the method's reliability across diverse applications. In conclusion, 

PANTHER web service demonstrates the importance of coupling methodological innovation with 

user’s accessibility into considerations. 

1.10.2 Synergies with Multi-State RNA Design 

The extension from Protein-RNA binding affinity prediction to multi-state sequence design 

further illustrates how fundamental insights from binding prediction can inform engineering 

approaches for designing functional biomolecules. The PANTHER web service also creates new 

possibilities for integrating binding affinity prediction with sequence design applications. The 

platform's ability to rapidly evaluate binding affinities for multiple structures enables systematic 

validation of sequences generated by Multi-State RISoTTo. This creates a feedback loop where 

designed sequences can be evaluated for their predicted binding properties, enabling iterative 

optimization of both binding affinity and conformational compatibility. The combination of 

accessible binding affinity prediction with context-aware, multi-state sequence design represents a 

comprehensive toolkit for protein-RNA interaction engineering. Researchers can use PANTHER to 
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evaluate existing complexes, identify optimization targets, and then employ Multi-State RISoTTo to 

generate improved sequences that maintain stability across conformational ensembles. Moreover, 

the binding affinity prediction and sequence design represents a fundamental duality in 

computational RNA biology. While binding affinity prediction seeks to understand and quantify 

existing interactions, sequence design aims to engineer new interactions with desired properties. 

Both problems share common underlying principles: they require understanding the molecular 

determinants of recognition, the role of structural complementarity, and the contribution of 

dynamic effects to binding thermodynamics. The local-to-global approach developed in PANTHER 

for binding affinity prediction revealed that protein-RNA interactions could be effectively 

decomposed into pairwise contributions between amino acids and nucleotides. This insight suggests 

that the reverse process, designing sequences to optimize local interaction patterns, might provide 

a pathway for rational RNA design. However, such an approach must account for the fact that 

functional RNAs often exist as ensembles of conformational states, each contributing to the overall 

binding thermodynamics.  

 

1.11 Future Directions and Thesis Organization 

1.11.1 Toward Unified Prediction and Design Platforms 

The work presented in this thesis points toward future developments where binding affinity 

prediction, sequence design, and conformational analysis become unified within integrated 

computational platforms. Such integration could enable comprehensive workflows for protein-RNA 

system engineering, from initial complex analysis through optimized sequence design and final 

validation. 

1.11.2 Thesis Structure 

This thesis is organized to present both individual contributions and their integrated 

significance. Chapter 2 contains the details of methods used in this thesis, Chapter 3 details the 

PANTHER methodology development, including the local-to-global approach, machine learning 

model optimization, and validation studies. Chapter 4 presents the web service development, 

extended validation studies, and analysis of community impact. Chapter 5 covers the Multi-State 

RISoTTo extension, including context-aware geometric deep learning and multi-conformer fusion 

strategies. Chapter 6 provides an integrated analysis examining the complementary insights and 

combined implications of all contributions. Chapter 7 discusses broader impacts, limitations, and 
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future research directions that could further advance the field of computational protein-RNA 

interaction analysis and design. Finally, the conclusion of this thesis is reported in chapter 8. The 

comprehensive scope of this thesis, from fundamental method development through community 

deployment and design applications, provides both immediate contributions to computational 

biology and establishes foundations for future advances in understanding and engineering 

biomolecular interactions. 
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Chapter 2  

 

Methods and Models 
 

2.1 Molecular Modeling 

Molecular modeling is a set of computational techniques used to represent, visualize, and 

engineer biomolecular structures at atomic resolution [112]. These methods constitute fundamental 

tools in structural biology and computational chemistry, providing essential capabilities for structural 

analysis, validation, and preparation prior to advanced computational studies such as molecular 

dynamics simulations or molecular docking experiments [113], [114]. Modern molecular 

visualization and modeling software packages provide sophisticated interactive environments for 

exploring biomolecular conformations and identifying structural inconsistencies. Among the most 

widely used tools are PyMOL [115], which offers advanced rendering capabilities, visualization, 

scripting functionality for engineering the molecules and offers rendering of high-quality molecular 

graphics; UCSF Chimera [116], which integrates seamlessly MODELLER [117] to support the 

visualization, structural analysis and homology modeling capabilities; and VEGA ZZ  [118], which 

provides complete molecular editing and structure preparation utilities. Critical tasks in molecular 

modeling workflow typically include: (i) detection and correction of bond connectivity issues arising 

from resolution limitations or crystallographic artifacts; (ii) assignment and validation of appropriate 

atom types according to standard force field parameters; (iii) identification and proper 

representation of disulfide bonds, which are crucial for protein stability and function; (iv) addition 

of hydrogen atoms, which are sometimes not resolved in X-ray crystallographic structures but are 

essential for accurate computational modeling; (v) reconstruction of missing structural elements 

such as loop regions, terminal residues, or entire domains that may be absent due to disorder or 

experimental limitations; and (vi) correction or adjustment the protonation states [119], [120]. 

Structure preparation protocols often combine automated algorithms with manual validation to 

ensure chemical and physical reasonableness. For instance, missing loop regions can be modeled 

using homology-based approaches or ab initio prediction methods, while hydrogen atom placement 

typically follows standard geometric criteria based on hybridization states and local chemical 

environment [121], [122].  
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In this thesis, the integration of multiple computational tools ensures complete structure 

validation and optimization, guaranteeing that molecular models meet the stringent requirements 

necessary for reliable computational analysis. All complexes studied in this work were processed 

using molecular modeling techniques, employing VEGA ZZ and UCSF Chimera to prepare protein-

RNA complexes for molecular dynamics simulations. The key tasks included detection and correction 

of broken bonds, validation of atom types, identification and proper representation of disulfide 

bridges (Cys–Cys bonds), addition of hydrogen atoms, and reconstruction of missing residues or 

structural elements. Notably, MODELLER’s automated modules were used to model incomplete 

protein regions, especially when experimental structures contained missing loops or terminal 

residues. The terminal residues were modelled only if located within 9 Å of the protein-RNA binding 

sites. VEGA ZZ was further employed for molecular integrity verification, file format conversion, and 

construction of complete structural models suitable for subsequent molecular dynamics simulations 

(MD) and analysis. 

2.2 Molecular dynamics 

2.2.1 Theoretical Foundation 

MD simulation provides a computational framework for investigating complex biomolecular 

systems that are too large for quantum mechanical treatment but can be accurately described 

through classical mechanics [123]. For systems that do not involve chemical reactions, simulated at 

low temperatures (where quantum effects dominate), or do not require a detailed hydrogen motion 

(quantum mechanical motion), the classical MD approach offers an effective and computationally 

efficient solution. This approach is governed by Newton's equations of motion (Equations 2.1 and 

2.2):  

     
𝒅𝟐𝒓𝒊

𝒅𝒕𝟐 =
𝟏

𝒎𝒊
𝑭𝒊   (2.1)                                                                                                             

Where 𝐹𝑖 = −
∂𝑉(𝑟1,𝑟2,…,𝑟𝑁)

∂𝑟𝑖
                                                     (2.2) 

represents the force acting on atom i with mass mi. 𝑉(𝑟1, 𝑟2, … , 𝑟𝑁) is the force field operating 

on the system, which constitutes an effective interaction mechanism incorporating the average 

electronic effects. Standard molecular force fields employ a common functional form (Equation 2.3). 
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𝑉 = ∑ (1/2)bonds  𝐾𝑏(𝑏 − 𝑏eq)
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𝑟𝑖𝑗
)

6

] +  

∑
𝑞𝑖𝑞𝑗

4πε0𝑟𝑖𝑗
pairs            (2.3) 

Where the bonded terms describe covalent interactions, including bond stretching, angle 

bending, torsional rotations (dihedrals), while non-bonded terms [124] account for van der Waals 

(Lennard-Jones) and electrostatic (Coulombic) interactions. Force field parameters are typically 

derived from quantum mechanical calculations and experimental data for specific molecular classes. 

There are different force field parametrization strategies. In some cases, parameters are derived 

from ab initio quantum chemical calculations on small molecular fragments. Alternatively, they may 

be optimized to reproduce experimental measurements such as crystallographic data, vibrational 

spectra, X-ray scattering profiles, liquid-phase properties (e.g., density, enthalpy of vaporization), 

solvation free energies, or NMR data. Importantly, each force field is calibrated for a particular class 

of molecules (such as inorganic systems, organic compounds, proteins, or nucleic acids). As a result, 

no single force field is universally applicable. The suitability of a force field depends on the 

biomolecular system under investigation as well as the thermodynamic and boundary conditions 

considered in the simulation. 

For biomolecular simulations, widely adopted parameter sets include those from the Amber 

suite, such as ff14SB for proteins [124] , OL3 for RNA nucleotides and OL15 for DNA [125]. In 

GROMACS, commonly used force fields include CHARMM36 [126] and GROMOS54a7 [127], which 

are frequently applied in simulations of proteins, lipids, and carbohydrates. The careful choice of 

these parameter sets is essential, as it directly affects the accuracy of structural dynamics, 

interaction energies, and thermodynamic predictions generated during a MD simulation. 

Newton's equations of motion are numerically integrated using algorithms, typically the Verlet [128] 

or leap-frog methods, with alternative approaches including Beeman [129] or Gear predictor-

corrector [130] algorithms. The simulation time step (δt ≈ 1-2 fs) is kept significantly shorter than 

molecular vibrational periods [131] . Periodic boundary conditions (PBCs) [132] are applied to 

eliminate surface effects by surrounding the simulation box with infinite translated copies, ensuring 

bulk-like behavior throughout the system.  
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Electrostatic interactions require special treatment due to their long-range nature. The 

Particle Mesh Ewald (PME) method [133] efficiently computes these interactions by decomposing 

them into short-range real-space and long-range reciprocal-space components (Equation 2.4): 

                                                                    𝐸 = 𝐸real + 𝐸reciprocal + 𝐸correction  (2.4) 

This decomposition strategy transforms the conditionally convergent Coulombic summation 

into rapidly convergent series by introducing Gaussian screening functions. The real-space term 𝐸real 

accounts for short-range interactions in direct space using complementary error functions that decay 

exponentially with distance, thereby effectively screening long-range contributions. The reciprocal-

space term 𝐸reciprocal captures the long-range electrostatic interactions through Fourier transforms 

in k-space, where the periodic nature of the system is naturally accommodated. The correction term 

𝐸correction removes false self-interactions that arise from the artificial Gaussian charge distributions 

introduced during the screening process. In terms of computational efficiency, bond constraints 

(SHAKE [134], LINCS [135]) eliminate high-frequency vibrations, particularly O-H and N-H stretches, 

allowing larger time steps. Additionally, virtual sites can replace hydrogen atoms [136], with their 

positions calculated geometrically from heavy atoms. This approach reduces computational 

overhead while preserving essential physical accuracy of the simulated system. 

When Newton’s equations of motion are integrated without external constraints, the total 

energy of the system remains constant. Under these conditions, if the simulation volume is also 

fixed, the resulting trajectory corresponds to a microcanonical ensemble (NVE). However, 

microcanonical dynamics rarely reflect experimental conditions, where temperature and pressure 

are typically controlled. To address this limitation, several algorithms have been developed to 

regulate these parameters. One of the simplest and most widely used schemes is the Berendsen 

thermostat [137], which mimics weak coupling of the system to an external heat bath at a reference 

temperature 𝑇0. In this method, the system velocities are periodically rescaled using a relaxation 

constant, gradually adjusting the instantaneous temperature toward 𝑇0 according to an exponential 

relation. An alternative approach is the isothermal (or isokinetic/isogaussian) thermostat[138], 

which enforces strict temperature control by modifying the equations of motion with an additional 

friction-like term. This term dynamically adjusts particle velocities so that the kinetic energy remains 

constant throughout the simulation. While this method correctly reproduces the configurational 

distribution expected in the canonical (NVT) ensemble, it does not yield a truly canonical momentum 

distribution [139] More rigorous thermostats that correctly generate canonical (NVT) ensemble 
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distributions include the Nosé-Hoover thermostat [140], [141], [142], which extends the system by 

coupling it to a fictitious heat bath variable. This introduces a dynamic friction coefficient that adjusts 

particle velocities according to the temperature deviation from the target value, ensuring proper 

sampling of both configurational and momentum distributions in the canonical ensemble. For 

simulations requiring constant-pressure conditions, the isothermal–isobaric (NPT) ensemble 

maintains fixed particle number, temperature, and pressure by allowing the system volume to 

fluctuate. Pressure control can be implemented using barostat algorithms such as the Berendsen 

barostat [143], which efficiently equilibrates pressure through isotropic box scaling, or the 

Parrinello–Rahman barostat [144], which treats box vectors as dynamic variables to permit 

anisotropic deformations and rigorously sample the NPT ensemble. 

In practice, molecular dynamics simulations often employ both ensembles, NVT for 

equilibration at constant volume and temperature, and NPT for production runs or conditions 

requiring pressure control to ensure thermodynamic stability and realistic representation of 

experimental environments. 

2.2.2 Simulation Protocol  

Standard MD protocols typically include: (i) system setup with appropriate solvation and 

neutralization, (ii) energy minimization to remove unfavorable steric contacts, (iii) equilibration with 

gradual heating and density adjustment, and (iv) production simulations of sufficient duration to 

ensure statistical convergence. Modern implementations achieve scalability through domain 

decomposition and parallel processing. In this thesis, MD simulations for Protein-RNA complexes 

were performed using the AMBER20 simulation suite in conjunction with the AMBER14SB force field 

and TIP3P water model in cubic periodic boundary conditions. All systems were neutralized by 

adding appropriate numbers of counterions to ensure electrical neutrality. A standardized four-step 

MD protocol was implemented: First, energy minimization was conducted through 30,000 steps of 

steepest descent optimization in three substages-hydrogen atoms were minimized initially, followed 

by water molecules, and finally the entire system. Second, gradual heating from 0 K to 300 K was 

performed, with temperature control maintained using the velocity-rescaling algorithm. Third, a 

comprehensive six-substage equilibration protocol was employed, beginning with 200 ps of NPT 

ensemble simulation at 1 bar pressure, followed by five consecutive 100 ps NPT runs to gradually 

adjust system volume and achieve water density of 1 g/cm³, concluding with a 100 ps NVT ensemble 

simulation to relax all bonds before production. The LINCS algorithm was used to constrain bond 
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lengths, enabling a 2 fs integration timestep, while long-range electrostatic interactions were 

calculated using the particle mesh Ewald method with a 1.1 nm cutoff radius. Fourth, production 

simulations were executed using NVT ensemble conditions to generate 500 ns trajectories for each 

system. Trajectory analysis was performed using custom scripts within the Cpptraj program of the 

AMBER20 suite, including calculations of Root Mean Square Deviation (RMSD), Root Mean Square 

Fluctuation (RMSF), and secondary structure analysis using DSSP methodology. 

2.3 Molecular-Dynamics-Derived Energy Decomposition 

2.3.1 Theorical Framework 

Energy decomposition analysis emerged as a fundamental computational method in the 

early development of molecular mechanics (MM) force fields. Pioneering work by Lifson and 

Warshel in the 1960s established the theoretical basis for partitioning molecular energies into 

physically meaningful components [145]. The extension of this approach to biomolecular 

simulations gained prominence in the 1980s with the work of Kollman and colleagues, who 

developed systematic strategies for analyzing pairwise interactions in proteins, nucleic acids, and 

protein–ligand complexes using classical force fields [146], [147]. These developments were pivotal, 

enabling researchers to dissect and rationalize the complex energy landscape of biomolecular 

recognition into interpretable physical terms. Subsequent studies by Massova and Kollman [148] 

demonstrated that energy decomposition could provide quantitative insights into binding 

energetics, often reproducing experimental affinities within chemical accuracy, thereby establishing 

its role as a robust and computationally efficient analysis technique. The theoretical foundation of 

MD-driven energy rests on the principle of energy additivity of classical force fields. Within this 

framework, the total system energy is expressed as a sum of bonded (bond, angle, and dihedral) and 

non-bonded (van der Waals and electrostatic) terms (Equation 2.5): 

 𝐸total = 𝐸bonded + 𝐸non-bonded (2.5) 

Because the non-bonded terms are pairwise additive, they can be partitioned into contributions 

between specific groups of atoms (e.g., an amino acid residue and a nucleotide base). This forms the 

basis of pairwise energy decomposition in molecular dynamics simulations. 

2.3.2 Statical Analysis 

Since MD trajectories represent ensembles sampling the canonical (NVT) or isothermal–

isobaric (NPT) distribution, instantaneous pairwise energies fluctuate considerably due to thermal 
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motion. To obtain meaningful values, energies are averaged across many equilibrated trajectory 

frames (Equation 2.6): 

     ⟨𝐸𝑖𝑗⟩ =
1

𝑁
∑ 𝐸𝑖𝑗(𝑡)𝑁

𝑡=1               (2.6)

     

Where N is number of frames and Eij(t) is the instantaneous interaction energy at time t. 

Ensemble averaging serves to reduce noise arising from short-term fluctuations and to produce 

statistically converged estimates of residue-nucleotide interaction strengths. However, convergence 

must be carefully assessed, as insufficient sampling can bias the results. 

2.3.3 Computational Implementation 

In practice, decomposition is carried out by post-processing MD trajectories. For each 

snapshot, the pairwise interaction energy 𝐸𝑖𝑗 between groups 𝑖 and j and is computed using the same 

functional forms employed during the simulation. This ensures thermodynamic consistency 

between decomposition analysis and the underlying MD force field. The interaction energy is 

commonly decomposed into van der Waals and electrostatic contributions, following the Lennard-

Jones and Coulomb potential forms, respectively. Pairwise energy decomposition is a computational 

strategy used to quantify the energetic contributions between specific groups of atoms, such as 

amino acid residues and nucleotide bases. The total interaction energy between a residue i and a 

nucleotide j is typically expressed as the sum of van der Waals (Evdw) and electrostatic (Eelec) 

components [149], [150] (Equation 2.7): 

𝐸𝑖𝑗 =  𝐸𝑣𝑑𝑤,𝑖𝑗 + 𝐸𝑒𝑙𝑒𝑐,𝑖𝑗             (2.7) 

The van der Waals interactions (Evdw,ij) are calculated by the Lennard-Jones potential for all 

atom pairs (a ϵ i, b ϵ j) (Equation 2.8). 

                                   𝐸𝑣𝑑𝑤,𝑖𝑗 =  ∑ ∑ 4𝜖𝑎𝑏 [(
𝜎𝑎𝑏

𝑟𝑎𝑏
)

12

−  (
𝜎𝑎𝑏

𝑟𝑎𝑏
)

6

]b ϵ 𝑗𝑎 ϵ 𝑖                         (2.8) 

where: ϵab is the depth of the potential well for the interaction between atom a and atom b, 

σab is the distance at which the potential between a and b is zero or the minimum, and rab is the 

distance between atom a (in group i) and atom b (in group j) [151]. The 12th term and the 6th term 

represent the repulsive and attractive terms, respectively.  The electrostatic energy component is 

calculated by Coulomb’s law (Equation 2.9). 

                 𝐸𝑒𝑙𝑒𝑐,𝑖𝑗 =  ∑ ∑
𝑞𝑎 𝑞𝑏

4𝜋𝜖0𝑟𝑎𝑏
b ϵ 𝑗𝑎 ϵ 𝑖               (2.9) 
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where: qa and qb are the partial charges on atoms a (in group i) and atom b (in group j), 

respectively, ϵ0 is the relative dielectric constant in implicit solvent, and rab is the distance between 

atom a and atom b. Electrostatic interactions are long-ranged but decay with distance, and their 

treatment must remain consistent with the simulation parameters, such as the cutoff scheme or use 

of Ewald summation.  

 

In this thesis, to reduce computational costs and to eliminate noise from the data, a cutoff 

distance (rcut) of 12 Å was applied for pairwise energy decomposition calculations. These calculations 

were conducted to analyze the interactions between amino acids and nucleotide pairs only if the 

distance between their respective centers of mass (COM) satisfied rab ≤ rcut. This threshold was 

chosen to be slightly larger than the 11 Å cutoff used with the Particle Mesh Ewald (PME) method 

[152]. The additional 1 Å margin ensures that we can capture all significant interactions that might 

occur at the boundary of the PME cutoff. The selection of 12 Å is also justified by the exponential 

decay of electrostatic and van der Waals interactions beyond this threshold, which renders the 

energetic contributions negligible. This approach encompasses both short-range and intermediate-

range interactions, ensuring the inclusion of biologically relevant contacts while maintaining 

consistency with the overall simulation parameters.  

2.4 Data Generating for Machine Learning 

To consider the dynamic behavior of the interactions and to generate sufficiently large 

datasets for ML training, we adopted a time-averaged interaction energy approach. Specifically, the 

interaction energy between the amino acid i and the nucleotide base j was averaged over 10 

consecutive trajectory frames (Equation 2.10). 

                                                                〈𝐸𝑖𝑗〉 =  
1

𝑁
∑ 𝐸𝑖𝑗

(𝑡)𝑁
𝑡=1                                                         (2.10) 

where N is the averaging window and is equal to 10, and 𝐸𝑖𝑗
(𝑡)

 is the interaction energy 

between residue i and nucleotide j at the time frame t. After calculating the average interaction 

energy for a set of 10 consecutive frames, we skipped the following 40 frames and repeated the 

calculations on the next 10-frame window. This procedure was repeated throughout the entire 500 

ns simulation, ensuring consistent sampling and reliable time-averaged interaction profiles. By 

applying this method for each interaction pair, we obtained a series of 10-frame averaged interaction 

energies. The choice of a sampling window comprising 10 frames, separated by 40 skipped frames 

represents an optimal balance between statistical robustness and computational efficiency. 
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Averaging over 10 frames provides sufficient sampling to smooth thermal fluctuations while 

maintaining the ability to capture relevant interactions. The 40 skipped frames minimize redundancy 

between computed averages, thereby maintaining statistical independence between consecutive 

data points. This approach filters out transient interactions by focusing on persistent binding modes 

and discarding those interactions that are present in only 20-30% of the trajectory, as these are likely 

to represent stochastic events rather than stable binding conformations. Such filtering strategy 

ensures that the ML models are trained exclusively on thermodynamically significant interactions, 

thus improving the biological relevance of their predictions. Along with the above-mentioned 

energetic averages, a set of structural descriptors was collected to be used as features to train the 

ML models. These included (i) pairwise distances, quantified as the Euclidean distance between the 

centers of mass (Å) of the interacting amino acid and nucleotide, and (ii) a set of additional 

interaction-specific features to better describe the relevant biophysical aspects of protein-RNA 

recognition and binding. 

2.5 Machine Learning Models 

2.5.1 Classification and Regression 

Supervised machine learning tasks are broadly divided into classification and regression, 

depending on the nature of the target variable being predicted [153], [154]. Classification refers to 

predicting categorical outcomes, such as class labels, phenotypes, or molecular functional states. 

The model learns a decision boundary that separates data points belonging to different categories. 

The model performances are typically measured using metrics such as accuracy, precision, recall, F1-

score, and area under the ROC curve (AUC). Example applications in computational biology include 

the prediction of protein functional classes, RNA binding sites, and the discrimination between 

healthy and diseased samples. Regression, in contrast, predicts continuous numerical outcomes, 

such as binding affinity, expression level, or free energy change. The model performances are usually 

assessed by metrics such as mean squared error (MSE), root mean square error (RMSE), mean 

absolute error (MAE), and the coefficient of determination (R2). While classification and regression 

share common algorithmic foundations, their objectives and evaluation criteria differ fundamentally. 

In biomolecular modeling, regression methods are often crucial, because they allow the estimation 

of quantitative molecular properties (e.g., binding energy landscapes, folding stability changes) 

rather than only categorical outcomes. This justifies the in-depth focus on regression models in the 

following subsections. 
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2.5.2 Machine Learning Regression Models 

Machine learning (ML) regression algorithms provide a sophisticated mathematical 

framework for predicting continuous variables by discovering complex statistical patterns from 

empirical data, transcending the constraints of predefined physical equations. In the context of 

biomolecular modeling and protein-RNA interaction analysis, regression methods prove particularly 

invaluable for capturing intricate, high-dimensional, and frequent nonlinear relationships between 

structural descriptors, energetic features, and molecular properties of biological significance. The 

fundamental objective of ML regression is to learn an optimal mapping function that accurately 

models the relationship between multi-dimensional input features and continuous target variables. 

This learning paradigm optimizes model parameters through the minimization of prediction errors 

while incorporating regularization techniques to prevent overfitting and ensure generalization to 

unseen data [154], [155]. The performance evaluation of regression models typically employs 

standardized metrics including the coefficient of determination, root mean square error, and mean 

absolute error, providing quantitative assessments of model accuracy and predictive capability. 

These metrics enable objective comparison between different algorithmic approaches and facilitate 

model selection based on specific performance criteria [153]. A comprehensive taxonomy of 

algorithms encompasses interpretable linear models, robust tree-based ensembles, and 

sophisticated neural architectures, each presenting distinct trade-offs between computational 

efficiency, model interpretability, robustness to noise, and predictive accuracy. Algorithm selection 

depends critically on dataset characteristics including dimensionality, sample size, signal-to-noise 

ratio, and the underlying complexity of the target function.  

2.5.3 Linear Regression 

Linear regression constitutes the foundational regression methodology in statistical learning. 

It models the target variable through a linear combination of input features, each weighted by a 

coefficient and accompanied by an interception term. The approach assumes that changes in the 

target variable are proportional to changes in the predictor variables, with the error term normally 

distributed, having zero mean and constant variance (Equation 2.11) [156]. 

𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑝𝑥𝑝 +                                (2.11) 

where β₀ is the intercept, βⱼ are regression coefficients, and 𝜀 ∼ 𝒩(0, 𝜎2). 

Parameter estimation in linear regression relies on the ordinary least squares (OLS) criterion, which 

minimizes the sum of squared residuals between predicted and observed values. This optimization 
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yields analytical solutions when the feature matrix is invertible, providing the best linear unbiased 

estimator, according to the Gauss-Markov theorem. The resulting coefficients represent the 

expected change in the target variable for unit changes in each predictor, enabling direct 

interpretation of feature contributions [157]. However, in high-dimensional biological datasets, 

where the number of features exceeds the number of samples or multicollinearity is present, 

regularized extensions become essential. Ridge regression incorporates penalty terms proportional 

to the sum of squared coefficients, shrinking parameter estimates toward zero while maintaining all 

features in the model. In contrast, Lasso regression employs penalty terms proportional to the sum 

of absolute coefficient values, providing automatic feature selection through sparsity induction by 

setting irrelevant coefficients to exactly zero and thereby performing automatic feature selection. 

Elastic Net combines both penalties, balancing feature selection and coefficient shrinkage to handle 

correlated feature groups effectively [158], [159]. Despite its computational simplicity and statistical 

interpretability, linear regression assumes linearity between features and target, feature 

independence, homoscedasticity of residuals, and absence of influential outliers. These assumptions 

are frequently violated in complex biomolecular systems exhibiting nonlinear interactions, 

cooperative binding effects, and intricate regulatory mechanisms that require more sophisticated 

modeling approaches. 

2.5.4 Gradient Boosting Regression 

Gradient boosting represents a powerful ensemble methodology that constructs strong 

predictive models by sequentially combining multiple weak learners, typically shallow decision trees, 

within an additive modeling framework. The algorithm follows the principle of functional gradient 

descent, iteratively fitting new models to the negative gradients of the loss function with respect to 

current predictions, thereby progressively correcting errors made by previous models [160]. 

Gradient boosting can be formally described as a stage-wise additive model. The process begins with 

an initial model F0(x) that minimizes the overall loss by predicting a constant value. At each iteration 

m, the algorithm computes pseudo-residuals rim, which are the negative gradients of the loss 

function with respect to current predictions. A new weak learner hm(x) is then fitted to these pseudo-

residuals, and the model is updated as what shows in Equation 2.12. 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥)                                              (2.12) 

Where, 𝛾𝑚 is a step size determined through optimization or set as a fixed learning rate. This 

iterative procedure progressively reduces the loss function and allows the ensemble to capture 
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complex nonlinear relationships. Here, ℎ(𝑥) is a weak learner trained to approximate the negative 

gradient of the loss function (the pseudo-residuals), while 𝛾𝑚 is a step size controlling how much the 

new learner contributes. The mathematical foundation involves building an ensemble through a 

sequential process where each iteration adds a new weak learner trained on pseudo-residuals 

representing the negative gradient of the loss function. The initial model provides a constant 

prediction minimizing the overall loss, followed by successive models that capture patterns in the 

residual errors. Each new model is scaled by an optimal step size, determined through line search 

optimization to minimize the overall loss function [160]. 

The method allows modeling of complex nonlinearities and interactions. Gradient boosting 

is highly flexible with respect to the choice of loss function: one can use squared error (for 

regression), absolute error, Huber loss, or other differentiable (or nearly differentiable) loss functions 

to trade off robustness and sensitivity to outliers. 

2.5.5 XGBoost Regression 

XGBoost (eXtreme Gradient Boosting) is an optimized implementation of gradient boosting 

that incorporates algorithmic enhancements and regularization. It introduces second-order Taylor 

expansion of the loss function for more accurate approximation, regularization terms on tree 

complexity (number of leaves, leaf weights), and efficient handling of sparse or missing data 

(Equation 2.13) [161]. 

ℒ = ∑ 𝐿(𝑦𝑖, 𝑦𝑖̂)𝑖 + ∑ Ω(𝑓𝑘)𝐾
𝑘=1                                              (2.13) 

where ℓ is the loss function (e.g. squared error) and Ω(f) is the regularization term penalizing 

model complexity (e.g. Ω(𝑓) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝑤𝑗

2𝑇
𝑗=1  for a tree with T leaves and weights wj. The 

XGBoost objective function integrates both prediction error and model complexity through explicit 

regularization terms that penalize the number of leaves and the magnitude of leaf weights in each 

tree. This dual regularization approach prevents overfitting while maintaining model flexibility, 

enabling superior performance on both training and validation datasets. The key theoretical 

advancement lies in employing second-order Taylor expansion for loss function approximation, 

utilizing both first and second derivatives of the loss function with respect to predictions. XGBoost 

incorporates numerous practical enhancements including column-wise sparse data structures for 

efficient memory usage, cache-aware algorithms for improved computational performance, and 

parallel processing capabilities for scalability to large datasets. The implementation provides built-in 
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cross-validation, early stopping, and hyperparameter optimization features that streamline the 

model development process [161], [162]. 

2.5.6 Random Forest Regression 

Random Forest constitutes a robust ensemble methodology that constructs multiple decision 

trees through bootstrap aggregating combined with random feature selection, effectively reducing 

model variance and mitigating overfitting compared to individual decision trees (Equation 2.14, 

2.15). The algorithm implements two key randomization strategies [163]: 

1. Bootstrap sampling of data (bagging) to generate varied training sets for each tree. 

2. Random selection of a subset of features at each node split to decorrelate the trees. 

𝑦𝑅𝐹̂(𝑥) =
1

𝐵
∑ 𝑇𝛽(𝑥)𝐵

𝛽=1                                                             (2.14) 

Var(𝑦𝑅𝐹̂) = 𝜌𝜎2 +
1−𝜌

𝐵
𝜎2                                                         (2.15) 

 

where ρ = correlation between trees, σ² = individual tree variance 

The algorithmic framework relies on generating multiple bootstrap samples from the original 

training set, each created by sampling with replacement to produce datasets of equal size but with 

different instance compositions. For every bootstrap sample, a decision tree is constructed, and at 

each split decision, only a randomly selected subset of features is considered, typically the square 

root of the total number of features for regression tasks. The final prediction aggregates individual 

tree predictions through simple averaging, which significantly reduces prediction variance through 

the ensemble effect. This averaging process leverages the statistical principle that the variance of 

averaged independent predictions decreases inversely with the number of predictors, while the bias 

remains unchanged. The random feature selection further reduces correlation between trees, 

maximizing the variance reduction achieved through aggregation. In addition, Random Forest 

provides valuable diagnostic capabilities through out-of-bag (OOB) error estimation, computed using 

predictions from trees that did not include specific samples during training. This internal validation 

mechanism eliminates the need for separate test sets in model evaluation and provides unbiased 

estimates of generalization performance during model development. Feature importance 

assessment employs two complementary metrics: mean decrease impurity quantifying average 

impurity reduction attributable to each feature across all trees, and permutation importance 
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measuring accuracy decrease when individual feature values are randomly shuffled. These measures 

provide insights into feature relevance and enable dimensionality reduction in high-dimensional 

datasets [163]. This method demonstrates excellent performance for nonlinear, high-dimensional 

biological data, provides robust handling of missing values through surrogate splits, and requires 

minimal hyperparameter tuning compared to other ensemble methods. Random Forest naturally 

handles mixed data types and provides reliable uncertainty estimates through prediction intervals. 

However, its extrapolation capability beyond training data ranges is limited, and may struggle with 

highly imbalanced datasets or datasets with very strong predictors that dominate tree construction 

[164], [165]. 

2.5.7 Neural Network Regression  

Artificial neural networks represent a class of flexible computational models inspired by 

biological neural systems, capable of approximating arbitrary continuous functions through the 

universal approximation theorem. In regression applications, multilayer perceptron transforms input 

features through successive layers of linear transformations followed by nonlinear activation 

functions, enabling the representation of highly complex, nonlinear mappings between input and 

output spaces [166], [167]. The architectural foundation consists of interconnected layers of 

computational units called neurons or nodes, organized in a feedforward structure. The input layer 

receives raw features, hidden layers performing nonlinear transformations, and output layer 

generates the final predictions. Each connection between neurons has an associated weight 

parameter that determines the strength and direction of information flow, while each neuron applies 

an activation function to its weighted inputs plus a bias term. 

Common activation functions include the rectified linear unit (ReLU) that outputs the 

maximum of zero and its input sigmoid functions that squash inputs to values between zero and 

one, hyperbolic tangent functions (Tanh) producing outputs between negative one and positive one, 

and leaky ReLU variants that allow small negative outputs. The ReLU activation has become 

particularly popular due to its computational efficiency and ability to mitigate vanishing gradient 

problems that plague deep networks [168]. Common activation functions are shown in equations 

2.16, 2.17 and 2.18. 

                                     ReLU:  𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥)                                                       (2.16) 

                                                              Sigmoid: f(x) = 𝑓(𝑥) =
1

1+𝑒−𝑥                                                      (2.17) 
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                                                              Tanh: f(x) = 𝑓(𝑥) =
𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥
                                                          (2.18) 

Parameter optimization in neural networks relies on the backpropagation algorithm, which 

computes gradients of the loss function with respect to all network parameters using reverse-mode 

automatic differentiation. The algorithm propagates error signals backward through the network, 

computing gradients layer by layer using the chain rule of calculus. These gradients are then used to 

update parameters through optimization algorithms such as stochastic gradient descent (SGD), 

Adam, or RMSprop [169]. Regularization techniques are crucial for neural network training, helping 

to prevent overfitting and improve generalization. Dropout mitigates overfitting by randomly setting 

a fraction of neuron outputs to zero during training, forcing the network to learn redundant 

representations and reducing co-adaptation between neurons. Weight decay adds penalty terms 

proportional to the sum of squared weights to the loss function, encouraging smaller parameter 

values. Batch normalization standardizes layer inputs to have zero mean and unit variance, 

accelerating training and improving numerical stability [170], [171]. 

2.5.8 Stacked Ensemble Regression 

Stacked generalization (commonly known as stacking) is a sophisticated meta-learning 

approach that combines predictions from multiple heterogeneous base learners through a meta-

learner, trained to optimize their integration. Unlike bagging methods that use identical algorithms 

on different data subsets or boosting methods that sequentially correct errors, stacking leverages 

the complementary strengths of diverse algorithmic approaches including linear models, tree-based 

ensembles, and neural networks [172], [173]. 

The architecture proceeds on two levels: 

• Level 0 (base learners): multiple heterogeneous models are trained on the original data (or 

subsets). 

• Level 1 (meta-learner): uses the base learners’ predictions (often on validation splits) as 

features to learn how to combine them 

Training employs cross-validation procedures to generate out-of-fold predictions from base 

learners, preventing information leakage that would occur if the same data used to train base 

learners were used to train the meta-learner. Each base learner is trained on k-1 folds and makes 

predictions on the held-out fold, repeating this process across all folds to generate a complete set 

of out-of-fold predictions that serve as training data for the meta-learner. The meta-learner can 



 

46 
 

employ any regression algorithm, with popular choices including linear regression for simplicity and 

interpretability, ridge regression for handling correlated base predictions, neural networks for 

capturing complex nonlinear combinations, or tree-based methods for automatically discovering 

interaction effects between base learner outputs. The choice of an appropriate meta-learner 

depends on the diversity of base learners and the suspected complexity of their optimal 

combination. Some stacking systems use multiple hierarchical levels (multi-layer stacking), where 

outputs of one meta-level feed into a higher level. Stacking can outperform individual models or 

simple averaging by adaptively assigning weights depending on input region. However, this approach 

increases computational complexity (multiple model trainings, cross-validation), reduces 

interpretability, and requires careful validation to avoid meta-level overfitting. The success of 

stacking often hinges on diversity among base learners (i.e. differing inductive biases [174]. The 

concept of stacking was originally proposed by Wolpert (1992) [173], and further extended by Ting 

& Witten (1999) [172], who investigated model selection strategies and attributes for the meta-

learner. 

2.6 Deep Learning  

Deep learning constitutes a computational framework employing multi-layered neural 

networks to learn hierarchical data representations through gradient-based optimization. The 

methodology differs fundamentally from traditional machine learning approaches by automatically 

extracting features from raw input data rather than relying on predetermined descriptors, enabling 

direct learning from high-dimensional biological datasets without manual feature engineering [169], 

[175]. The fundamental building block of deep learning is the artificial neuron, which computes a 

weighted sum of input features followed by a nonlinear activation function (Equation 2.19). 

ℎ = 𝜎(∑ 𝑤𝑖𝑥𝑖
𝑝
𝑖=1 + 𝑏)                     (2.19) 

 

Where xi  are input features, wi are learnable weights, b is a bias term and σ(.) is a nonlinear 

activation function such as the rectified linear unit (ReLU) or sigmoid. Deep learning models are 

trained by minimizing a loss function, such as mean squared error for regression or cross-entropy 

for classification. The optimization is performed using stochastic gradient descent (SGD) or its 

adaptive variants (Adam, RMSprop), where gradients are computed via backpropagation. Training 

requires large-labeled datasets and significant computational resources, often accelerated by 
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graphic processing units (GPU) or tensor processing units (TPU). Due to their high capacity, deep 

learning models are prone to overfitting, especially in domains with limited data. Regularization 

strategies are critical for improving generalization: 

• Dropout randomly deactivates neurons during training [170]. 

• Weight decay (L2 regularization) penalizes large weight values. 

• Batch normalization stabilizes and accelerates learning by normalizing intermediate 

activations [171]. 

• Early stopping halts training once validation performance ceases to improve. 

2.6.1 Network Architectures 

Convolutional Neural Networks (CNNs) implement local connectivity patterns and parameter 

sharing through convolution operations, making them suitable for processing structured data with 

spatial or topological relationships [176]. The convolution operation computes feature maps by 

applying learnable filters across the input dimensions, followed by pooling operations for 

dimensionality reduction and translation invariance. Recurrent Neural Networks (RNNs) maintain 

hidden states to process sequential data. Long Short-Term Memory (LSTM) [177], and Gated 

Recurrent Unit (GRU) variants [178] address the vanishing gradient problems through gating 

mechanisms. These architectures enable the modeling of temporal dependencies and variable-

length sequences common in biological data. Transformer architecture employs self-attention 

mechanisms to capture long-range dependencies without recurrent processing constraints [179]. 

The attention mechanism computes weighted combinations of input representations based on 

learned query, key, and value projections, enabling parallel processing and superior handling of long 

sequences. 

2.6.2 Transformer-Based Geometric Deep Learning 

Deep learning transformer models represent a class of neural network architectures 

originally developed for Natural Language Processing (NLP), where they revolutionized the field by 

introducing self-attention mechanisms capable of capturing long-range dependencies in sequential 

data [179]. This architecture later became the foundation for large-scale models such as BERT and 

GPT, which process text in parallel rather than sequentially like recurrent neural networks (RNNs), 

enabling both faster training and richer contextual representations [180], [181]. 
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The success of transformer architecture in NLP has inspired their adaptation to structural 

biology, where molecules can be treated as structured sequences embedded in three-dimensional 

space. A major advancement in this direction is geometric deep learning, which generalizes neural 

networks to data defined on non-Euclidean domains such as graphs, manifolds, or point clouds 

[182]. By incorporating geometric invariances (e.g., translation, rotation, reflection), geometric 

transformers can directly process atomic structures, rather than relying exclusively on handcrafted 

descriptors. 

The central computational principle of transformers is the attention mechanism [179], which 

computes a weighted combination of values 𝑉 based on the similarity between queries 𝑄 and keys 

𝐾 (Equation 2.20). 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥! (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉            (2.20) 

This allows the model to dynamically focus on the most relevant parts of the input, enabling context-

dependent representations. In practice, transformer architecture consists of multiple stacked layers 

of: 

• Multi-head self-attention, where attention is computed in parallel across several subspaces. 

• Feedforward neural networks, applied independently to each position. 

• Residual connections and layer normalization, which stabilize and accelerate training. 

When applied to molecular systems, transformers are adapted into geometric transformer 

layers, where each entity (e.g., atom, nucleotide, or residue) is described by scalar and vector 

features. These features are updated using attention-based message passing over local 

neighborhoods while incorporating relative positional encodings such as interatomic distances D ij 

and displacement vectors Rij  [183], [184], [185]. A generic update rule can be expressed as what is 

shown in equation 21.  

𝑞𝑖
(𝑙+1)

, 𝑝𝑖
(𝑙+1)

= 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟𝐿𝑎𝑦𝑒𝑟(𝑞𝑖
(𝑙)

, 𝑝𝑖
(𝑙)

, {𝑞𝑗
(𝑙)

, 𝑝𝑗
(𝑙)

, 𝐷𝑖𝑗 , 𝑅𝑖𝑗}𝑗∈𝑛𝑛(𝑖))         (2.21) 

 

where qi and pi represent scalar and vector features of entity I, and nn(i) denotes its 

neighbors. This formulation preserves rotational and translational equivariance, a critical property 

for modeling molecular geometry. Transformer-based deep learning models excel at capturing 

complex, high-dimensional, and context-dependent relationships within biological data. They can 
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integrate heterogeneous input types such as sequences, structures, and molecular environments, 

and automatically learn hierarchical feature representations without manual feature engineering. 

However, these advantages come with significant computational demands, particularly for large 

molecular systems or geometric variants, and limited interpretability compared to simpler models 

such as linear regression or random forests. 

In this thesis, we used a parameter-free geometric transformer model for multi-state RNA 

sequence design conditioned on fixed tertiary structures. The model incorporates interactions with 

non-RNA entities including proteins, small molecules, ions, and DNA, enabling context-aware design. 

The model was trained and validated on RNA-containing tertiary structures from the PDB database, 

ensuring exposure to a diverse set of biologically relevant conformations and interaction contexts. 
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Chapter 3  

 

PANTHER - Protein-Affinity for Nucleic Target 

binding, Hybridization, and Energy Regression 

3.1. Introduction 

Protein-RNA interactions play a central role in numerous key biological processes [186], from 

gene expression to cellular signaling and regulation. Experimentally determined binding affinities 

provide critical insights into functions and specificity and can be used to better evaluate protein-

nucleic acid interactions. Binding affinity quantitatively describes the strength of interaction 

between a protein interacts and a nucleic acid and is essential for regulating processes like 

transcription, replication, and repair. Often a high binding affinity correlates with effective gene 

regulation and cellular function [187], [188]. Understanding binding affinities also provides 

mechanistic insights by elucidating the recognition mechanisms between proteins and nucleic acids 

and allowing a more precise understanding of the structural or sequence elements that can affect 

interactions [188], [189].  Experimental methods for determining the binding affinity of protein-

nucleic acid complexes include several well-established techniques. These comprise fluorescence 

spectroscopy, as reported by Vivian and Callis in 2001; surface plasmon resonance, as discussed by 

Katsamba in 2002; electrophoretic mobility shift assay, as described by Hellman and Fried in 2007 

and later by Ryder et al. in 2008; isothermal titration calorimetry, as highlighted by Feig in 2009; 

filter binding assay, as proposed by Rio in 2012. Although highly accurate, these experimental 

methods are both costly and labor-intensive. This limitation reduces their applicability in high-

throughput screenings of large libraries as the field of drug discovery evolves to focus on increasingly 

larger biomolecules such as RNA-aptamers (Bell et al. 2020). As the demand for reliable techniques 

to investigate protein-nucleic acid interactions has rapidly grown, computational methods have 

gained popularity to overcome the limitations of these experimental techniques [189], [197], [198], 

[199].  Emerging computational methodologies have led to the widespread utilization of molecular 

docking software for predicting binding conformations and ranking them through scoring functions 

[200], [201]. Focusing on protein-RNA binding free energy, four notable protein-RNA web-

based/standalone predictive tools are available: PRA-Pred [202], PRdeltaGPred [203], the structure-

based model as proposed by Nithin et al. in 2019, and PredPRBA [205]. PRdeltaGPred is a standalone 

program that utilizes complex structural features, including non-interaction surfaces, desolvation 
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energy, hydrogen bond energy, and salt bridge energy, to predict experimental binding free energy. 

Similarly, PRA-Pred is a web-based tool that predicts ΔG value based on simple features such as base 

parameters, interaction energies, number of contacts, and hydrogen bonds. Next, Nithin et al. 

developed a structure-based model that predicts the ΔG value by considering interface parameters 

such as hydrophobicity, contact surface, and hydration pattern. Finally, PredPRBA [205] includes 

different predictive models depending on the interacting RNA structure.  At present, the limited 

availability of tools capable of accurately calculating the experimental ΔG value for protein-RNA 

interactions highlights a critical gap in computational biology. Despite the availability of above-

mentioned tools, the field continues to face an urgent need for more robust, accessible, and 

accurate methods. Developing new computational-based methods to predict experimental binding 

free energy (BFE) will significantly enhance protein-RNA research, advancing our understanding of 

their roles in biological systems and supporting drug discovery efforts. To address the need for 

specifically tailored approaches, we developed a machine learning (ML) model that predicts local 

energies between interacting amino acid-nucleotide base of a protein-RNA complex and later we 

integrate these local energy contributions through a scoring function, by a local-to-global approach. 

We refer to the entire process as the Protein-Affinity for Nucleic Target-binding, Hybridization, and 

Energy Regression score (PANTHER score), which reveals a strong and encouraging correlation with 

the experimentally determined binding free energy between proteins and nucleic acids. The 

graphical abstract illustrating this workflow is shown in figure 3-1. This approach focuses on 

modelling local pairwise interactions between amino acids and nucleotide bases and can be 

subdivided into three main parts: (i) A representative set of local interaction energies was derived 

from molecular dynamics (MD) simulations involving a training set composed by 46 curated protein-

RNA complexes (training set 1 & training set 2); (ii) ML models were trained to predict these local 

interaction energies without performing MD runs but based on simple pairwise interaction features, 

such as amino acid type, nucleotide base type, the number of hydrogen bonds, and distances 

between interacting amino acids and nucleotide bases; (iii) the so-predicted local energies were 

aggregated through a local-to-global global integration scheme to calculate the model-specific 

PANTHER score. The ML models and the resulting model-specific PANTHER scores were initially 

tested and refined on a reduced test set composed of 7 protein-RNA complexes with known 

experimental ΔG values. Optimal performance was achieved through the application of Random 

Forest Regression (RFR). The resulting RFR model-specific PANTHER score demonstrated a Pearson 

correlation coefficient (r) of 0.80 and a mean absolute error of 1.63 kcal/mol. Furthermore, when 
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tested on a markedly more extended non-redundant protein-RNA dataset of 110 complexes, the 

RFR model-specific PANTHER score achieved an encouraging (r) of 0.64. These results underscore 

the potential of ML models for accurately predicting pairwise interaction energies and the reliability 

of the local-to-global approach in evaluating the protein-RNA binding energies.  To further validate 

the model, we evaluated its performance on an independent dataset comprising 110 uncorrelated 

protein-RNA complexes and compared with existing prediction techniques. In detail, the 

comparison involved the PredPRBA and PRA-Pred, both of which are easily accessible through web 

services. The correlation coefficients (r) between experimental and predicted ΔG values were 0.64 

for PANTHER score, 0.18 PredPRBA, and 0.18 PRA-Pred, respectively. This comparison underscores 

the potential of our model for evaluating protein-RNA interactions and demonstrates its robustness 

and superior accuracy when compared to currently available methods. 

 

Figure 3-1. The graphical abstract. 

3.2. Materials and Methods 

3.2.1 PANTHER Score 

In this study, we developed PANTHER score, a scoring system designed to estimate protein-RNA 

binding affinities through an integrated, multi-step computational strategy. The workflow involves 

several sequential steps. First, a curated dataset of RNA-protein complexes was selected to ensure 

the inclusion of systems with known experimental binding free energies (ΔG), strategically 
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increasing the number of complexes to tackle the lack of experimental data for developing an 

effective ML model. Next, MD simulations were performed on representative complexes to 

generate physically realistic conformations and extract energetic and structural data (further 

detailed in Methods sub-section “Extraction of Pairwise Local Energies and Noise Reduction 

Technique”). From these trajectories, pairwise decomposed interaction energies between amino 

acid residues and nucleotide bases were calculated, providing a detailed description of the local 

energetic landscape at the binding interface. These pairwise energies and structural descriptors 

were then used to train multiple regression machine learning (ML) models aimed at estimating the 

binding affinity of protein-RNA complexes. This was achieved by integrating ML-predicted local 

interaction energies with the proposed local-to-global aggregation framework. Accordingly, the 

workflow operates in two main stages: 

• Local Energy Prediction: Multiple ML regression models, including Random Forest 

Regression, Gradient Boosting Regression, Extreme Gradient Boosting, Linear Regression, 

Stacked Ensemble, and Neural Networks were trained using amino acid-nucleotide pairwise 

local energy data derived from MD simulations. This training enables the prediction of local 

interaction energies for any given amino acid-nucleotide pair based on distance-weighted 

structural descriptors. 

• Local-to-Global Integration: The predicted local energies are then aggregated through a 

distance-weighted summation scheme, in which each interaction contributes proportionally 

to its spatial proximity and biophysical relevance. This integration produces the PANTHER 

score (expressed in kcal/mol), representing the overall binding affinity of protein-RNA 

complex. 

This local-to-global framework effectively combines atomistic simulation data with ML-derived 

predictions, providing an interpretable and generalizable measure of protein-RNA binding 

energetics. Notably, to define the final PANTHER score, we rigorously evaluated all the ML models 

through both a test set and a stress set, and we finally selected only one model (refer to Result and 

Discussion sub-section: “ML model Assessment” for further details) to ensure an interpretable and 

generalizable measure of protein-RNA binding energetics. The following sections provide a detailed 

description of each step involved in the PANTHER score workflow. 
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3.2.2. Datasets Selection and Preparation 

In this study, a total of 163 RNA-protein complexes were retrieved from the Protein Data 

Bank (PDB) [206], analyzed (refer to tables 3-1, 3-2, 3-3 & 3-5), and subsequently subdivided into 

three distinct datasets for the training, testing, and stress testing phases of the ML model. The 

selection criteria for these complexes included: (i) three-dimensional structures resolved through X-

ray crystallography or NMR with a resolution better than 3.0 Å, (ii) the inclusion of only single-

stranded RNA, (iii) the exclusion of inhibitors and metal ions, (iv) the presence of standard residues 

and nucleotide bases exclusively, (v) the omission of zinc-finger proteins, (vi) an even distribution of 

the four nucleotide bases in RNA, and (vii) a diverse representation across various protein 

classifications and organisms. The selected complexes were then filtered by removing redundancy 

using Clustal Omega program [207], with a 70% sequence identity threshold to collect a total of 163 

protein-RNA complexes. By comparing our dataset with existing resources, including PRBAB v2.0 

[208], PDBbind [209], ProNAB [210], and the dataset from [211], we found experimental ΔG values 

for 130 (out of 163) complexes. To effectively divide the dataset for ML applications, we considered 

that the initial training of ML models is based only on MD simulations, while the following validation 

of the PANTHER score requires complexes with experimental ΔG values. Accordingly, the training 

set consisted of 33 complexes without experimental ΔG values (Training Set 2) and 13 

complexes with experimental ΔG values (Training Set 1), selected to ensure comprehensive 

coverage of the protein-RNA interaction space, as schematized in Figure 3-2. Among the remaining 

117 complexes with experimental ΔG values, we randomly selected 7 complexes that constitute 

the Test Set for preliminary tuning and validation of both ML models and ML-derived PANTHER 

scores. All 53 complexes included in training (Set 1 + Set2) and test sets underwent MD simulations. 

Notably, the 20 complexes (13 from Training Set 1 + 7 from Test Set) with known experimental ΔG 

values, which underwent MD runs, were also exploited to initially assess the reliability of the here-

adopted local-to-global approach. 

Finally, the remaining 110 complexes with known experimental ΔG values were assigned to the 

Stress Set, which was used to assess the predictive capability of each ML model-specific PANTHER 

score and to identify the most accurate model for final implementation. It should be noted that, 

unlike the train and test sets, the complexes of the stress set did not undergo MD simulations or 

post-processing of the extracted data. Instead, they were used to directly extract the interacting 

features required by the ML models. Importantly, the here-adopted local-to-global methodology 

and the so-organized datasets offer some relevant advantages. They allow: (i) combining complexes 
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with and without experimental ΔG values for the training phase, while complexes with experimental 

ΔG values were used only for the test and validation phases; (ii) minimizing the computational cost 

by carrying out MD runs only on 53 complexes and not on all 163 collected systems; (iii) augmenting 

the data to be used for training ML models by considering pairwise local interaction energies 

between amino acids and nucleotide bases as derived from MD simulations.  

Prior to MD simulations, all complexes underwent a careful structural curation process to 

model missing amino acids or atoms using VEGA ZZ [212], Modeler [213], and Chimera [214] 

programs. The 53 curated structures of training and test sets underwent MD simulations to derive 

pairwise interaction energies (further described in sub-section “Extraction of Pairwise Local Energies 

and Noise Reduction Technique”).  For training the ML models, a total of 87,117 pairwise interactions 

derived from MD simulations, each associated with its corresponding local energy value, were used 

as the training dataset. Once the models were trained, 18,971 additional MD-derived pairwise 

interactions were used to evaluate how accurately the ML-predicted local energies reproduced the 

original MD-derived values. These ML-derived local energies were then integrated using the local-

to-global methodology to compute the model-specific PANTHER scores.  

For the stress set, the procedure slightly differed. Instead of relying on expensive MD-

derived time-averaged interaction energy approach data (described in sub-section “Extraction of 

Pairwise Local Energies and Noise Reduction Technique”), we used only the raw structural 

information from the PDB files as input. The input features consisted of the pairwise interaction 

descriptors, as illustrated in Table 3-10. The trained ML models were then used to predict the local 

interaction energies directly from these structural input features. The resulting local energies were 

subsequently aggregated through the local-to-global integration approach to generate the 

PANTHER scores for each model. 

3.2.3. Molecular Dynamics Simulation 

The curated 53 complexes subjected to MD simulations using the Amber20 suite [215] with 

the AMBER14SB [216] (for proteins) and OL3 force-fields [217] (for RNA), the TIP3P water model 

[218], and embedding the system into a cubic box. The LEaP algorithm [215] was used to generate 

coordinate and topology files for AMBER. To neutralize the systems, Na⁺ or Cl⁻ counterions were 

added as needed, ensuring that all ions remained in the solvent and at least 10 Å away from the 

protein-RNA binding interface. Hence, all complexes underwent an initial minimization, during 

which the hydrogen atoms were first minimized, then the whole complex was minimized, and finally 

the water molecules were minimized. Subsequently, each system were heated gradually from 0 K 



 

57 
 

to 300 K using a velocity-rescaling thermostat. Lastly, the equilibration phase was organized as 

follows: (i) each system underwent a 200 ps isobaric-isothermal ensemble (NPT ensemble) [219] at 

1 bar of pressure, (ii) followed by 5 consequent 100 ps MD runs with the NPT ensemble to gradually 

adjust the volume of the system to attain water density of 1 gm/cm3 within the water cubic box, 

and (iii) a short 100 ps MD run with the isothermal-isochoric ensemble (NVT ensemble) [220] was 

carried out to relax all the atoms before production. During the process, the bonds were kept fixed 

using the LINCS algorithm [221], thus allowing an integration step of 2 fs. The particle mesh Ewald 

method [152] was used to compute long-range interactions above a cutoff radius of 1.1 nm. The 

final step involved the production run of 500 ns with the NVT ensemble [220], generating the 

corresponding trajectories, in which one frame is saved every 50 ps for a total of 10,000 frame per 

trajectory. 

The selection of AMBER14SB along with OL3 combination was made because it is a well-

established and widely used setup for protein-RNA simulations, with OL3 being a standard AMBER 

RNA parametrization and ff14SB+OL3 already adopted in multiple published protein-RNA studies 

spanning viral nucleoprotein-RNA, splicing factor-RNA, zinc-finger/RNA, and RNA-editing complexes 

[222], [223].  

3.2.4. Extraction of Pairwise Local Energies 

  The details of the Extraction Pairwise local energy is already explained in chapter 2 (Methods 

and Models, section: Molecular-Dynamics-Derived Energy Decomposition). In brief, we calculated 

pairwise energy between amino acids-nucleotides within the protein-RNA complexes using the MD-

driven decomposition energy. Using the time-averaged interaction energy approach, we extracted 

a total of 331,744 amino acid–nucleotide pair interactions and their corresponding local energies 

from the MD trajectories of 46 protein-RNA complexes (training set 1 + training set 2). For the test 

set, an additional 58,000 pairwise interactions were obtained from the MD trajectories of 7 protein-

RNA complexes. To minimize noise and ensure data quality, only those interactions that remained 

stable for at least 70% of the simulation time were retained, thereby focusing on persistent and 

meaningful amino acid-nucleotide contacts. After this refinement, the datasets consisted of 87,117 

and 18,971 interaction pairs for the training and test sets, respectively, each associated with its 

corresponding MD-derived local energy. These refined, time-averaged interaction data were then 

used to train multiple ML models. Once trained, the ML models were applied to the test set to 

calculate local interaction energies to evaluate their predictive performances. The resulting 18,971 
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predicted local energy values were then grouped according to their corresponding PDB IDs. This 

process first enabled verification of the ML-derived data and subsequently allowed the application 

of the local-to-global methodology to integrate the predicted local energies, thereby generating 

model-specific PANTHER scores for each of the 7 protein-RNA complexes of the test set. This 

workflow ensured the inclusion of diverse yet reliable interaction patterns, while minimizing noise 

and avoiding oversampling from closely correlated trajectory frames. 

In addition to the energetic averages described above, a set of structural descriptors was 

collected to be used as features to train the ML models. They included: (i) pairwise distances, 

quantified as the Euclidean distance between the centers of mass (Å) of the interacting amino acid 

and nucleotide, and (ii) various features for each pairwise interaction to better describe the relevant 

biophysical aspects of protein-RNA recognition and binding (as detailed in Table 3-10). 

3.2.5 Development of Prediction Models 

To predict protein-RNA local interaction energies, we explored a diverse range of regression 

models, starting with linear regression as a baseline and progressing to more complex approaches, 

including tree-based ensemble methods such as random forest regression (RFR) [224], boosting-

based ensembles such as gradient boosting regression (GBR) [225] and extreme gradient boosting 

regression (XGBoost) [226], as well as a stacked ensemble model [227]. The stacked ensemble model 

combines the predictions of RFR, GBR, and XGBoost using a direct aggregation strategy. Additionally, 

a neural network model was implemented to further enhance predictive performance. These 

models were chosen to balance interpretability, computational efficiency, and predictive accuracy. 

A standardized ML pipeline was developed in Python 3.9 using Scikit-Learn 0.24.1 [228], Keras 

version 3.3.3, and TensorFlow version 2.16.1 libraries. Feature preprocessing was performed using 

Scikit-Learn’s ColumnTransformer, ensuring consistency across all models. Numerical features (e.g., 

distance and number of hydrogen bonds) were standardized using StandardScaler, while categorical 

features (e.g., amino acid and nucleotide types) were one-hot encoded via OneHotEncoder. The 

dataset was initially partitioned into training (80%) and validation (20%) subsets using train, test, 

and split. To further evaluate model generalization, we applied a 10-fold cross-validation strategy 

[229] exclusively on the training set, where in each fold, 90% of the training data was used for model 

fitting and 10% for validation. Hyperparameter tuning was performed via grid search [230] over an 

extensive parameter space to optimize each model's configuration. Model performance was 

evaluated using Pearson’s correlation coefficient (r), mean squared error (MSE), Spearman’s rank 

correlation coefficient (rs), and the statistical significance (p-value) [231]. Furthermore, both 
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learning and loss curves were monitored to ensure stable training and convergence. The neural 

network architecture was implemented using Keras and TensorFlow, incorporating ReLU activation 

functions, L2 regularization, and the Adam optimizer to enhance model robustness and 

generalization.  

3.2.6 Local-to-Global Prediction 

Our approach to predict protein-RNA binding affinities employs a local-to-global 

methodology, moving from local interaction energies to global energy predictions, which we call the 

PANTHER score. This process consists of several key steps that utilize molecular features to compute 

a comprehensive energy landscape. The workflow begins with identifying interacting amino acid-

nucleotide pairs within a given protein-RNA complex using an in-house interaction pattern detection 

script, which analyzes the structural data to detect significant interactions based on distance 

thresholds and binding patterns. Specifically, interacting amino acid-nucleotide pairs are identified 

by considering pairs of amino acid residues and nucleotide bases characterized by a distance 

between their centers of mass (COM) within a cutoff threshold of 12 Å. For each identified 

interaction pair, we extract features including amino acid type, nucleotide base identity, center-of-

mass distance, and number of H-bonds (Table 3-10). These features serve as input to ML models to 

predict the corresponding local pairwise interaction energies. The PANTHER score (expressed in 

kcal/mol) is then determined through an integrative approach that aggregates these local 

interaction energies according to equation 3.1.  

PANTHERscore = ∫ 𝝆(𝒓)𝑬(𝒓) 𝒅𝒓
𝜴

                                                        (3.1) 

where ρ(r) represents the spatial density of interaction pairs at position r, E(r) is the local 

energy contribution at position r, and Ω is the binding interface (all areas where interactions occur). 

We sum up energy contributions from all interaction pairs while considering their distribution in 

space. This integral can be discretized for computational implementation for energy prediction as is 

shown in equation 3.2. 

PANTHERscore =  ∑ 𝜔𝑖 𝐸𝑖
𝑛
𝑖=1                                                                 (3.2) 

where 𝜔i represents a weighting factor that adjusts each interaction’s contribution, and Ei 

is the predicted energy for the ith amino acid-nucleotide pair. To ensure that closer interactions have 

greater contribution, 𝜔i is based on an exponential decay function in equation 3.3. 

 𝜔𝑖  =  
𝑒𝑥𝑝(

−𝑟𝑖
𝑟0

⁄ )

∑ 𝑒𝑥𝑝(
−𝑟𝑖

𝑟0
⁄ )𝑁

𝑗=1

                                                                               (3.3) 
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where, ri is the distance of the interaction pair, and r0 is a characteristic length scale of 9 Å. 

The negative sign ensures that the function decreases as distance increases. By applying this 

weighting function, interactions occurring at shorter distances (particularly below 9 Å) contribute 

more significantly to the total binding energy. Finally, we refine our PANTHER score by using a 

distance-dependent function in equation 3.4. 

PANTHERscore =  
∑ 𝛼(𝑟𝑖)𝐸𝑖

𝑛
𝑖 = 1

𝑛
                                                                (3.4) 

Where α(ri) is a distance-dependent weighting function that typically decreases with 

increasing distance, reflecting the diminishing contribution of more distant interactions to the 

binding free energy. The resulting PANTHER score, expressed in kcal/mol, offers an interpretable 

and accurate estimation of protein-RNA binding energetics, making it a valuable tool for 

understanding biomolecular recognition processes.  

3.2.7 Large-scale Application 

After completing the workflow to calculate the PANTHER score, we aimed to automate its 

application to the protein-RNA complexes of interest. To achieve this, we developed two in-house 

Python scripts. The former incorporates a parsing algorithm designed to read and extract data from 

PDB files. It also detects the hydrogen bonds by evaluating both the distance and angle to evaluate 

their stability. In detail, a hydrogen bond was defined based on two geometric criteria: the distance 

between the donor hydrogen atom and the acceptor atom had to be less than 3.5 Å, and the donor–

hydrogen–acceptor angle was required to fall within the range of 120° to 180°. The position of the 

hydrogen atom was determined by the Bond Vector Method, which assumes that the hydrogen 

atom lies along the bond vector extending from the donor atom towards the acceptor atom at a 

typical bond length (approximately 1 Å for N-H or O-H bonds). The second script utilizes the input 

features derived from a raw PDB file (e.g., center of mass distance, amino acid and nucleotide base 

types, hydrogen bond count) as input for the ML model to predict pairwise local interaction energies 

without performing MD simulations. The predicted interaction terms are then aggregated to 

estimate the global PANTHER score for a given protein-RNA complex. This workflow was designed 

to enable efficient large-scale predictions and was applied to the stress set of 110 structures, 

achieving a processing speed of approximately 55 structures per minute on a server equipped with 

an 11th Generation Intel® Core™ i5-11400 CPU (2.60 GHz, 6 cores, 12 threads) and 8 GB RAM. 

Performance may vary depending on the hardware configuration. To evaluate the performance of 

our models, we conducted a comparative analysis with the web-based tools PredPRBA [205] and 
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PRA-Pred [202] on the stress set consisting of 110 protein-RNA complexes. In detail, we compared 

the linear correlation between the experimental and predicted ΔG values for the three methods.  

3.3. Results and Discussion 

3.3.1 Evaluation of Local-to-Global Scoring Methodology 

The proposed method is based on the reliability of the local-to-global approach, which 

implies an additive nature of the ΔG values where an interaction score (kcal/mol) can be computed 

by integrating the contributions of the local interaction energies of amino acid-nucleotide bases, 

that here we refer to as MD-derived local-to-global score. These local contributions can be obtained 

either from MD simulations or predicted by ML models. Hence, the preliminary but crucial step of 

this study is assessing the reliability of this fragmental approach, at least when integrating the local 

energies as derived from MD runs. Since the MD-derived local energies will later serve as training 

data for various ML models, it is essential to perform an initial evaluation to verify that the local-to-

global methodology exhibits a robust correlation with experimental data. Accordingly, out of the 

130 complexes with experimental ΔG, initially we kept away 110 complexes for the stress set and 

out of remaining 20 complexes, 13 complexes were considered for training set 1 and 7 complexes 

for test set (Figure 3-2, Tables 3-1 & 3-2). The MD simulation for both training set 1 and test set 

were carried out and the local interaction energy between amino-acid and nucleotide for each 

complex was extracted. Subsequently, the local interactions energies were integrated to the local-

to-global score (methodology described in sub-section “Local-to-Global Integration”) and the local-

to-global scores were correlated with the experimental ΔG values of the simulated complexes. The 

complete workflow is shown in Figure 3-3. 

The obtained results are shown in Figure 3-4, which plots MD-derived local-to-global score 

versus the experimental ΔG and reveals an encouraging correlation coefficient (r) of 0.60 obtained 

from 20 protein-RNA complexes. Furthermore, the correlation plots for training set 1 (r = 0.75) and 

test set (r = 0.59) are shown separately in Figure 3-5 and 3-6, respectively, providing supporting 

evidence that the local-to-global scoring system is reliable. As shown in Figure 3-4, 3-5 and 6, the 

slopes of the regression lines deviate significantly from the ideal 45° reference line, indicating that, 

although strong correlations are observed, the predicted ΔG values do not perfectly match 

experimental values. However, the primary goal of this study is to develop a scoring function that 

exhibits a consistent correlation with experimental binding affinities, thereby enabling the relative 
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comparison of BFEs across different RNA-protein complexes rather than the exact prediction of 

absolute ΔG values. 

 

Figure 3-2. Schematic representation of the dataset preparation and validation workflow. Protein-

RNA complexes with and without experimental ΔG values were subjected to MD simulations, 

followed by the local-to-global energy strategy to compute the MD-derived PANTHER scores. The 

validated scores were used to construct the final training and test sets for ML model development 

and validation. 

Even though the primary objective of this study is the development of an innovative protein-

RNA binding affinity score that does not require MD simulations, the preliminary results support the 

additive nature of binding energy. This finding indicates that global binding affinities can be 
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estimated by integrating the contribution of the local interactions and suggests that such a local-to-

global approach can be clearly exploited when using MD-derived local energies to obtain reliable 

and interpretable predictions of MD-derived PANTHER score. This data-driven approach has the 

potential to substantially reduce computational time while maintaining satisfactory level of 

predictive accuracy. Together, this two-tiered strategy, starting with physics-based calculations and 

moving toward ML-based predictions, sets up a pipeline for a scalable and efficient framework to 

estimate binding affinities in protein-RNA systems. 

 

 

Figure 3-3. Workflow followed for developing the PANTHER score. 

After validating the reliability of the approach, we expanded the training set by including 33 

additional protein-RNA complexes as training set 2 (Figure 3-2). At this stage, we included complexes 
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without experimental ΔG values, as method's performance and reliability had already been 

validated. We performed MD simulation for all the three sets (training set 1, 2 and test set). From 

the MD simulations, we extracted local interaction energies for each amino acid-nucleotide pair 

across all protein-RNA trajectories. This process yielded 87,117 noise free data points for the 

combined training set (set 1 + set 2) and 18,971 noise free data points for the independent test set 

(Figure 3-2). The methodology used for noise reduction is described in detail in the Method sub-

section “Extraction of Pairwise Local Energies and Noise Reduction Technique”. 

 

Figure 3-4. Correlation between the MD-based scores and experimental ΔG values for 20 protein-

RNA complexes (13 training set + 7 test set). The Pearson correlation coefficient (r) of 0.6 confirms 

the reliability of fragmental approach. 

In the present work, however, MD was used primarily to generate a large and diverse 

training set of local amino acid–nucleotide interaction energies for the subsequent machine-

learning stage, rather than to derive final free energies for each system. For this reason, we 

prioritized coverage of many different protein-RNA complexes (53 systems, 500 ns each) over 

replicating trajectories of fewer complexes. Moreover, we applied several procedures to reduce the 

dependence on transient fluctuations and initial conditions: interaction energies were averaged 
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over consecutive frames, sampled with frame skipping to reduce temporal correlation, and only 

interactions persisting for at least 70% of the trajectory were retained. Finally, the resulting model 

was not judged only on the MD-derived training data, but was validated on an independent test set 

and, more importantly, on an external stress set of 110 untreated complexes. Together, these steps 

provide an orthogonal assessment of robustness that partly compensates for the absence of replica 

trajectories. 

 

Figure 3-5. Correlation between the MD-based score and experimental ΔG values for 13 protein-

RNA complexes of training set. The Pearson correlation coefficient (r) of 0.75 confirms the reliability 

of the fragmental approach. 

3.3.2 ML Models & Performance on Test Set 

3.3.2.1 Datasets Preparation 

The performance of any ML model is intrinsically linked to the quality of the dataset used for 

training. To ensure robust predictions, a comprehensive structural analysis was performed for each 

protein-RNA complex, validating the residues and bonds in accordance with procedures described 

in the Methods section (see Datasets Selection and Preparation Section). We then performed MD 

simulations on 53 complexes (including training set 1, training set 2 and test set), from which we 

extracted MD-derived local interacting energies between each interacting amino acid and 
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nucleotide base (Figure 3-2). From this initial pool of 53 complexes, 7 structures were designated as 

the test set, thereby defining curated training (Table 3-1) and test datasets (Table 3-2).  

 

 

Figure 3-6. Correlation between the MD-based score and experimental ΔG values for 7 protein-RNA 

complexes of test set. The Pearson correlation coefficient (r) of 0.59 confirms the reliability of the 

fragmental approach. 

Figure 3-7. Distribution of local MD derived energies of the interacting amino acid-nucleotide 

bases for the (A) training set and (B) test set, alongside the experimental free energies for the 

stress set (C). The distributions demonstrate consistent energetic patterns across all datasets. 
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Table 3-1. Training Set and Experimental ΔG, Data not Available (DNoA) 

Training 
Set 

MD-derived local-to-global score 
(kcal/mol) 

Experimental ΔG 
(kcal/mol) 

1ASZ -4.88 -10.25 

1EXD -7.30 -13.04 

1KNZ -6.86 -9.61 

1JBT - DNoA1 

1KUQ - DNoA 

1N77 -5.39 -5.52 

1OOA -7.02 -11.27 

1SJ4 - DNoA 

1ZL3 - DNoA 

2AB4 - DNoA 

2ASB - DNoA 

2ATW - DNoA 

2JLW - DNoA 

2LEB -5.65 -9.31 

2UMW - DNoA 

2XFM -5.91 -8.24 

2XLK - DNoA 

2Y8W -7.78 -11.39 

2F8K -6.25 -10.37 

2ZUE - DNoA 

3K49 -5.70 -8.74 

3T5N - DNoA 

3UMY - DNoA 

4AL5 -8.91 -14.04 

4M6D - DNoA 

4ZLD - DNoA 

5GJB - DNoA 

5HO4 - DNoA 

5MFX - DNoA 

5WT1 - DNoA 

6DU4 - DNoA 

6F4H - DNoA 

6FQ3 3.28 -8.02 

 
1 DNoA: Data Not Available 
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Training 

Set 

MD-derived local-to-global score 

(kcal/mol) 

Experimental ΔG 
(kcal/mol) 

6IV9 - DNoA 

6KYV - DNoA 

6LAX - DNoA 

6SDW -6.48 -10.92 

6ZDQ - DNoA 

7A9W - DNoA 

7EIU - DNoA 

7OZQ - DNoA 

7P0V - DNoA 

7v2Z - DNoA 

7VKL - DNoA 

7XJZ - DNoA 

7ZEX - DNoA 

 

Furthermore, as detailed in the Methods sub-section “Development of Prediction Models”, 

we trained ML models to predict the local energies derived from MD trajectories using simple 

descriptors, such as amino acid residues, nucleotide bases, local interaction energies, the number 

of hydrogen bonds formed, and interatomic distances. To optimize predictive performances, we 

explored a broad range of regression algorithms, starting with linear regression as a baseline and 

progressing to more advanced algorithms capable of handling complex data. These included RFR, 

Extreme Gradient Boosting (XGBoost), Gradient Boosting (GBoost), Stacking Regression, and Neural 

Networks. Moreover, we analyzed the diversity of local interaction energies as input data in the 

training set, which is illustrated in Figure 3-7 A. This figure shows a wide distribution of interaction 

strengths, ranging from weak to strong. To ensure that the ML models can accurately predict local 

energies across diverse interaction strengths, we evaluated them on a test set containing MD-

derived local energies with an equally broad distribution (Figure 3-7 B). This wide range challenges 

the models to generalize across both weak and strong local interactions. The similarity between 

training and test set distributions (Figures 3-7 A-B) indicates that model evaluation is unbiased.  In 

contrast, Figure 3-7 C reports the distribution of the experimental ΔG values for the 110 complexes, 

which exhibits a symmetric, approximately Gaussian distribution with fewer extreme values. In this 

study, these experimental binding affinities serve as an important validation benchmark for overall 

model performance and to guide the selection process of the optimal ML model for PANTHER score 

prediction. This validation step is essential to confirm that integration of local energetic 
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contributions accurately reproduces a binding affinity score, which exhibits a strong correlation with 

the experimental ΔG values. The predictive performance of the models was evaluated in two stages: 

first, using the test set (Table 3-4, see the "Model Evaluation" sub-section), and then using the larger 

stress dataset (see the "Scoring Function Assessment" sub-section). 

3.3.2.2 Agreement between MD- and ML-Derived Local Energies 

Having established the distribution of MD-derived local energies used as input, the next step 

is to determine whether ML models trained on MD-derived descriptors can correctly predict the 

local energy values. Only if the ML models can successfully recover the MD signal at the local level, 

the integration to perform local-to-global score will be reliable. Such an agreement was quantified 

using Pearson correlation coefficients (r) calculated between MD-derived and ML-predicted local 

energies, computed for each complex and summarized across models (Table 3-2). While showing 

expected variability, the analysis of the individual model performances (see Table 3-2) reveals 

overall satisfactory results with (r) almost always exceeding 0.5. Interestingly, the (r) mean value of 

each protein unravels a marked variability, suggesting that some complexes perform clearly better. 

These differences can be ascribed to the structure complexity, which is, in turn, related to the 

number of local energies to be predicted. Taken together, the high average correlation values across 

diverse protein systems and machine learning approaches (overall (r) mean = 0.72) indicate that the 

developed ML models can effectively capture the patterns in local interaction energies originally 

derived from computationally expensive MD simulations. 

Considering only one exemplificative case, Figure 3-8 shows a detailed visualization of the 

correlations between MD-derived and ML-derived local energy values for the 1EC6 protein system 

as obtained by six different ML approaches. The scatter plots demonstrate that all models capture 

the general trends in local energies, with points colored according to their distance from the trend 

line to highlight prediction accuracy. From Table 3-2, we observe that for the 1EC6 complex, the ML-

predicted local energies achieved (r) values of 0.80, 0.82, 0.84, 0.82, 0.84 and 0.76 for RFR, GBoost, 

Neural Network, Stacked Ensemble, XGBoost, and Linear Regression respectively.  Overall, when the 

correlations are calculated for all the 7 PDB IDs of the test set, their results are encouraging, with 

mean (r) typically ≥ 0.7, for most complexes. Therefore, the performance demonstrated by the ML 

models provides compelling evidence that machine learning can serve as a viable alternative to MD 

simulations for predicting the interacting local energies, provided that the training dataset is of high 

quality and carefully curated. All ML approaches tested show good correlations with MD data, 

confirming that the local energies of protein-RNA complexes can be successfully calculated by using 
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these ML models. This finding is particularly significant given the computational resources typically 

required for MD simulations, while ML models might yield comparable results at a fraction of the 

computational cost and time. As the ML models can reliably reproduce the MD-derived local 

energies, we next assess how these models perform by comparing their predictions, integrated as 

model-specific PANTHER scores, with the corresponding experimental ΔG values in the test set. 

 

Table 3-2. Pearson correlation coefficient (r) between raw MD-derived predicted local energies and 

raw ML-derived predicted local energies for various models for each PDB IDs considered in the test 

set. Refer to Figure 3-3 for an example of 1EC6. This correlation analysis was conducted to evaluate 

how accurately the ML models predict the MD-derived local energies. The data from the test set 

used to predict the local energies through ML models are derived from the MD simulations. 

Test Set 

(r) 
Random 
Forest 

prediction vs 
MD-derived 

local 
energies 

(r) 
GBoost 

prediction 
vs MD-
derived 

local 
energies 

(r) 
Neural 

Network 
prediction vs 
MD-derived 

local 
energies 

(r) 
Stacked 

Ensemble 
prediction vs 
MD-derived 

local energies 

(r) 
XGBoost 

prediction vs 
MD-derived 

local 
energies 

(r) 
Linear 

Regression 
prediction vs 
MD-derived 

local energies 

Mean (r) 

1U0B 0.74 0.76 0.78 0.75 0.77 0.72 0.75 

1RKJ 0.65 0.67 0.68 0.67 0.68 0.67 0.67 

1NYB 0.78 0.79 0.83 0.79 0.80 0.76 0.79 

1EC6 0.80 0.82 0.84 0.82 0.84 0.76 0.81 

2B6G 0.63 0.64 0.74 0.65 0.67 0.77 0.68 

2LBS 0.46 0.50 0.68 0.57 0.60 0.60 0.57 

2M8D 0.74 0.73 0.81 0.74 0.79 0.77 0.76 

Mean 0.69 0.70 0.77 0.71 0.74 0.72 0.72 
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Figure 3-8. Comparison of MD-based and ML-based predicted local energy across six ML models. 

Points are colored by their distance from the trend line. Similar colors indicate proximity to the 

correlation line. The correlation coefficient (r) quantifies the agreement between the two prediction 

methods for each model. 

 

3.3.3 Model Evaluation 

As described in the Methods section (see “PANTHER score” and “Local-to-Global Integration” 

sections), the PANTHER score represents a descriptor of binding affinity for protein-RNA complexes. 

This score is derived by integrating ML-predicted local interactions energies, specifically those 

involving amino acid-nucleotide base pairs identified within a range of 9 Å distance from their center 

of mass. This integration of these local energetic contributions provides a measure of each 

complex’s strength of binding affinity. To ensure methodological accuracy, each ML model, which 

includes RFR, Gradient Boosting, Neural Network, Stacked Ensemble, XGBoost, and Linear 

Regression, were trained independently to predict local energies. As a result, each model produces 

its own prediction of the overall PANTHER score for a given complex. Throughout this framework, 

these results are referred to as model-specific PANTHER scores until a particular ML model is finally 

selected as the optimal solution to predict the PANTHER score (see Figure 3-3 for the workflow). 
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However, the predicted accuracy of the approach is assessed by comparing these model-specific 

PANTHER scores to the experimental ΔG values. This comparison enables evaluation of each model’s 

ability to predict binding affinities and guides the selection process for the optimal ML methodology 

within the framework. As shown in Figure 3-9, the x-axis represents the PDB IDs of the test set 

complexes, while the y-axis shows the corresponding experimental ΔG values (grey line) and the 

PANTHER scores predicted by the different ML models. The experimental ΔG values vary 

substantially (from approximately −6 to −12 kcal/mol), reflecting diverse binding affinities among 

the complexes. All ML-derived PANTHER predictions closely follow the experimental trend, 

exhibiting high consistency across models. The correlation coefficients (r > 0.7; see Table 3-4) 

indicate good predictive performance, with only minor differences among models (Δr < 0.15). The 

RFR and Gradient Boosting models achieve the highest correlations (r ≈ 0.8), although the 

performance of the other ML models was comparable. To further evaluate model robustness, 

additional statistical metrics were calculated, including the Spearman correlation coefficient (rs), 

Mean Absolute Error (MAE), and ρ-values to evaluate statistical significance (data shown in Table 3-

3). 

 

Figure 3-9. Comparison between PANTHER scores and experimental binding free energy (ΔG) values 

for the seven complexes of the test set, obtained using various machine learning approaches. 
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Table 3-3. Experimental ΔG (kcal/mol) and predicted model-specific PANTHER score (kcal/mol) for 

the test set, obtained using various ML models. The data from the test set used to predict the local 

energies through ML models are derived from the MD simulations. 

Test Set 
Exp. ΔG 

(kcal/mol) 

MD-derived 
local-to-

global Score 
(kcal/mol) 

Model-
specific 
Random 
Forest 

PANTHER 
score 

(kcal/mol) 

Model-
specific 
GBoost 

PANTHER 
score 

(kcal/mol) 

Model-
specific 
Neural 

Network 
PANTHER 

score 
(kcal/mol) 

Model-
specific 
Stacked 

Ensemble 
PANTHER 

score 
(kcal/mol) 

Model-
specific 

XGBoost 
PANTHER 

score 
(kcal/mol) 

Model-
specific 
Linear 

Regression 
PANTHER 

score 
(kcal/mol) 

PredPRBA 
(kcal/mol) 

PRA-Pred 

(kcal/mol) 

1U0B  -8.96  -6.38 -6.25  -6.35  -6.32  -6.35  -6.36  -6.23  -13.92  -11.07 

1RKJ  -7.99  -7.46 -7.07  -7.15  -7.33  -7.23  -7.28  -7.43  -11.17  -10.48 

1NYB -9.13  -8.47 -7.67  -7.87  -8.05  -7.84  -7.99  -7.62  -10.31  -9.58 

1EC6  -7.99  -5.19 -6.00  -6.11  -6.06  -6.08  -6.03  -6.25  -8.68  -8.48 

2B6G -10.26  -7.06 -7.53  -7.62  -7.38  -7.56  -7.49  -7.39  -10.85  -8.37 

2LBS  -6.09  -5.33 -5.39  -5.42  -5.70  -5.52  -5.65  -5.69  -12.10  -8.98 

2M8D -8.73  -6.82 -6.72  -6.65  -7.17  -6.82  -6.94  -7.18  -9.14  -7.17 

(r)  0.59 0.80 0.79 0.68 0.77 0.72 0.69 -0.10 -0.06 

 

Table 3-4. Performance metrics of various machine learning models on the test set for PANTHER 

score predictions. Metrics include correlation coefficient (r), mean absolute error (MAE), Spearman's 

rank correlation coefficient (rs), and p-value. 

 Test Set 

Model  r2  MAE3 

kcal/mol 

4rs ρ-value5 

Random Forest Regression  0.80 1.79 0.77 0.04 

GBoosting Regression 0.79 1.71 0.77 0.04 

Neural Network  0.68 1.59 0.77 0.04 

Stacked Ensemble 0.77 1.68 0.77 0.04 

XGBoosting Regression  0.72 1.63 0.77 0.04 

Linear Regression 0.69 1.62 0.52 0.22 

 
2 r: Pearson Correlation 
3 MAE: MAE: Mean Absolute Error 
4 rs: Spearman Correlation 
5 ρ value: Spearman's Rho 
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Figure 3-10 and Table 3-4, we summarize the obtained results (linear correlation between 

model-specific PANTHER scores vs Experimental ΔG, data shown Table 3-3) and further highlight the 

similarity in the performances reached by the tested ML approaches through the test set. In more 

detail, with these additional parameters we confirm few points: (1) the nearly identical and rather 

satisfactory performances of both RFR and GBoost methods with (r) of 0.80 and 0.79, with ρ-value 

of 0.04 respectively; (2) the notably encouraging performances by neural networks showing the 

lowest MAE value of 1.59 kcal/mol with the lowest (r) of 0.68; and (3) the relatively poor 

performances of linear regression as evidenced by its (r) of 0.69, rs of 0.52 and ρ-value of 0.22. 

Overall, the analysis of mean absolute errors indicates low and comparable values across models, 

effectively ruling out markedly inaccurate predictions. It should be noted, however, that MAE values 

have limited relevance since our proposed methodology was developed to reach a convenient 

relationship between PANTHER score and experimental ΔG values which does not necessarily imply 

a numerical agreement between them. In other words, this study is not focused on predicting the 

absolute ΔG values; rather, we introduce a new fragmental methodology (local-to-global 

integration) to calculate a score (in kcal/mol) which satisfactorily aligns with the experimental 

values. Interestingly, the spearman correlation for all the models except for Linear Regression 

(lowest Rs = 0.52) has high correlation of ranks with the value 0.77. This shows that almost all the 

models are consistent in re-producing promising local energy values. Taken together, the model-

specific PANTHER scores and statistical analyses (ρ-value < 0.04) demonstrate that the developed 

ML model performances are reliable; however, the optimal ML model for final implementation into 

the PANTHER scoring system remains to be identified. The next section focuses on the ML model 

selection process by considering the performance on stress set. 
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Figure 3-10. Performance comparison of machine learning models based on Pearson correlation (r), 

Spearman correlation (rs), and Mean Absolute Error (MAE) for the test set. Random Forest 

demonstrates the highest predictive accuracy, while Linear Regression shows the lowest 

performance. 

 

3.3.4. ML model Assessment 

To better evaluate the obtained models and considering the very similar performances 

reached when analyzing the test set, we collected an extended set of 110 protein-RNA complexes 

that meet the predefined criteria (detailed in Methods sub-section “Data Selection and 

Preparation”). These complexes were utilized to calculate the corresponding PANTHER scores, 

which were compared with the respective experimental ΔG values. Notably, unlike the training and 

test datasets, no structural curation or molecular-dynamics (MD) simulations were performed on 

the complexes included in the additional dataset, referred to as the stress set (Table 3-5). This stress 

set was specifically designed to challenge our models and facilitate an unbiased evaluation under 

realistic conditions, ensuring that our assessment reflects true predictive performances in practical 

applications. This challenging stress test revealed clear performance differences among models, 

allowing the identification and selection of the best-performing one. Additionally, testing on 

untreated structure allows evaluation of the dependence of the computed score on structure 
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preparation and provides a clear assessment of the score’s transferability to novel protein-RNA 

systems. 

 

Table 3-5. Experimental ΔG (kcal/mol) and Predicted model-specific PANTHER score (kcal/mol) from 

various models, and Data not Available (DNoA) for the stress data set. 

Stress 
Data Set 

Exp. ΔG 
kcal/mol 

Random 
Forest 

kcal/mol 

GBoost 
kcal/mol 

Neural 
Network 
kcal/mol 

Stacked 
Ensemble 
kcal/mol 

XGBoost 
kcal/mol 

Linear 
Regression 
kcal/mol 

PredPRBA 
kcal/mol 

PRA-Pred 
kcal/mol 

1C9S  -12.91  -10.10 -9.44  -24.10 -12.34  -11.03  -52.35  -14.83  DNoA6 

1CVJ  -10.92  -10.34 -9.88  -19.39 -12.93  -11.77  -34.63  -8.21  -8.74 

1IL2  -7.53  -6.13 -5.80  -6.74 -6.06  -6.14  -7.03  DNoA -8.77 

1JBS  -8.18  -8.44 -7.86  -9.42 -8.48  -8.48  -10.67  -11.63  -8.34 

1K1G  -8.18  -7.05 -6.82  -8.72 -7.58  -7.23  -9.69  -10.27  -9.33 

1K8W  -8.73  -6.06 -5.88  -6.36 -5.98  -6.01  -6.84  -8.75  -9.66 

1KQ2  -9.89  -8.58 -8.49  -13.55 -9.98  -9.86  -17.93  -9.86  -10.71 

1MMS  -9.44  -6.70 -6.38  -8.37 -7.00  -6.96  -9.69  -13.45  -10.27 

1QTQ  -9.13  -6.66 -6.51  -6.94 -6.59  -6.67  -7.03  -14.30  -11.44 

1RLG  -7.99  -7.35 -6.90  -10.14 -7.85  -7.67  -12.82  -10.42  -9.22 

1SDS  -9.03  -7.68 -6.55  -11.48 -8.38  -8.07  -14.19  -11.78  -9.23 

1UTD  -11.81  -9.60 -9.34  -17.42 -11.37  -10.51  -32.24  DNoA DNoA 

1WSU  -12.97  -10.84 -9.99  -13.57 -11.40  -10.68  -16.45  -7.94  -10.87 

1WWD  -8.18  -7.87 -6.54  -9.34 -7.60  -7.32  -10.49  -7.81  -6.36 

1YTU  -6.87  -8.06 -7.38  -9.41 -8.23  -8.50  -9.81  -7.96  -12.37 

1YTY  -9.16  -6.61 -6.27  -8.39 -6.85  -6.79  -9.46  -8.96  -8.68 

2A8V  -7.22  -7.30 -6.83  -10.73 -6.69  -6.69  -11.87  -9.08  -8.09 

2C4R  -9.50  -6.67 -6.29  -8.19 -6.52  -6.67  -8.40  -10.68  -10.55 

2DRB  -9.78  -5.64 -5.48  -5.80 -5.35  -5.56  -6.13  -12.30  -9.73 

2I91  -8.86  -7.91 -7.29  -8.90 -7.92  -7.91  -10.60  -11.06  -12.31 

2IX1  -10.48  -6.27 -5.87  -6.87 -6.34  -6.26  -7.14  -8.41  -9.95 

2JEA  -7.98  -6.52 -6.23  -8.95 -6.81  -6.90  -8.99  -9.81  -10.75 

2KX5  -11.41  -9.78 -9.54  -11.21 -9.90  -10.14  -11.22  -11.66  -7.74 

2L41  -4.25  -6.79 -5.97  -8.89 -7.19  -6.87  -9.85  -8.82  -8.89 

2LA5  -11.48  -10.19 -9.15  -11.05 -10.03  -10.18  -11.31  -13.45  -7.65 

2LEC  -9.44  -8.19 -7.36  -10.38 -8.23  -7.93  -10.81  -7.96  -6.80 

2MB0  -6.80  -6.91 -6.46  -7.67 -7.07  -7.04  -7.99  -7.81  -6.83 

2PJP  -12.98  -8.63 -8.64  -8.81 -8.54  -8.38  -8.34  -12.35  -10.59 

2UWM  -7.09  -7.91 -7.86  -9.34 -8.32  -8.40  -10.33  -12.16  -10.43 

 
6 DnoA: Data Not Avaialble 
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Stress 

Data Set 

Exp. ΔG 

kcal/mol 

Random 

Forest 

kcal/mol 

GBoost 

kcal/mol 

Neural 

Network 

kcal/mol 

Stacked 

Ensemble 

kcal/mol 

XGBoost 

kcal/mol 

Linear 

Regression 

kcal/mol 

PredPRBA 

kcal/mol 

PRA-Pred 

kcal/mol 

2X1A  -7.13  -6.75 -7.51  -8.72 -7.06  -7.38  -9.04  -5.87  -7.24 

2XC7  -7.07  -7.06 -7.55  -8.09 -7.56  -7.76  -8.37  -8.05  -8.55 

2XGJ  -7.70  -9.00 -9.08  -10.16 -9.91  -9.81  -10.98  -10.09  -13.25 

2XNR  -5.40  -5.27 -5.05  -6.40 -5.50  -5.43  -6.81  -9.25  -7.42 

2XS2  -10.11  -7.42 -7.11  -9.61 -7.57  -7.40  -10.60  -8.92  -8.18 

2ZZN  -9.24  -7.34 -6.94  -8.17 -7.29  -7.20  -9.04  DNoA -9.48 

3ADB  -9.81  -6.14 -5.77  -6.88 -5.86  -6.09  -7.49  -14.00  -17.12 

3BX2  -9.97  -7.23 -5.95  -10.27 -7.32  -6.85  -12.74  -9.96  -9.37 

3D2S  -9.38  -8.82 -8.73  -12.09 -9.07  -9.18  -15.66  -9.02  DNoA 

3IEV  -10.76  -7.47 -7.03  -7.41 -6.96  -7.14  -7.56  -9.63  -9.01 

3K61  -8.89  -6.44 -5.97  -7.14 -6.37  -6.36  -7.22  -8.94  -10.37 

3K62  -8.74  -6.67 -6.15  -7.45 -6.75  -6.55  -7.74  -8.79  -9.85 

3L25  -8.59  -7.35 -6.53  -8.74 -6.95  -7.11  -10.06  -9.65  -11.54 

3MDG  -7.27  -5.45 -5.73  -5.75 -5.41  -5.56  -6.13  -7.33  -8.71 

3NMR  -8.44  -6.63 -6.68  -7.23 -6.50  -6.77  -7.31  -8.44  -7.66 

3O3I  -6.52  -3.98 -3.92  -4.56 -3.93  -3.99  -5.61  -10.03  -7.87 

3O8C  -8.26  -5.09 -4.84  -5.48 -4.93  -4.93  -5.86  -10.09  -12.48 

3PF5  -8.53  -5.27 -5.58  -6.76 -5.44  -5.73  -7.76  -7.83  -6.97 

3Q0P  -12.81  -8.44 -7.46  -11.76 -8.54  -8.54  -14.77  -8.90  -10.21 

3QG9  -10.56  -6.16 -5.63  -6.87 -6.21  -6.17  -7.13  -9.28  -9.91 

3R2C  -10.63  -9.30 -8.97  -12.38 -9.46  -9.43  -15.65  -9.50  -10.05 

3SIU  -9.17  -7.94 -7.46  -9.71 -8.18  -8.13  -11.61  -14.01  -10.02 

3TRZ  -11.04  -10.46 -9.59  -17.44 -11.63  -10.92  -28.53  -10.55  -9.36 

4ALP  -10.02  -10.51 -9.39  -12.15 -8.42  -9.55  -15.32  -8.08  DNoA 

4B8T  -7.13  -6.26 -5.57  -7.46 -5.73  -5.89  -7.52  -9.21  -8.62 

4C7O  -8.59  -5.76 -5.57  -6.04 -5.46  -5.67  -6.35  DNoA -12.43 

4CQN  -5.76  -6.03 -5.73  -7.01 -5.91  -6.10  -7.99  -13.68  -15.29 

4CSF  -8.98  -9.54 -8.01  -24.35 -11.43  -10.08  -51.52  -9.88  -16.34 

4ED5  -9.08  -7.72 -6.52  -9.87 -7.80  -7.52  -12.27  -9.63  -8.41 

4ERD  -9.54  -8.31 -8.52  -10.40 -9.00  -9.02  -11.37  -9.47  -9.46 

4G0A  -10.18  -9.37 -9.17  -12.67 -10.38  -10.11  -14.07  -9.94  -12.69 

4GHA  -6.92  -5.32 -5.29  -6.37 -5.60  -5.43  -7.19  -10.38  -10.80 

4GHL  -7.06  -4.78 -4.52  -5.25 -4.38  -4.31  -5.87  -11.89  DNoA 

4H5P  -9.56  -8.86 -6.61  -14.32 -9.42  -8.65  -19.54  -9.55  -11.57 

4I67  -6.76  -5.06 -5.27  -5.54 -4.95  -5.42  -5.65  -8.63  -7.93 
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Stress 

Data Set 

Exp. ΔG 

kcal/mol 

Random 

Forest 

kcal/mol 

GBoost 

kcal/mol 

Neural 

Network 

kcal/mol 

Stacked 

Ensemble 

kcal/mol 

XGBoost 

kcal/mol 

Linear 

Regression 

kcal/mol 

PredPRBA 

kcal/mol 

PRA-Pred 

kcal/mol 

4J1G  -9.09  -8.15 -7.07  -12.47 -8.81  -8.19  -17.11  -11.80  -18.30 

4JVY  -9.76  -9.14 -8.08  -10.15 -8.75  -8.64  -11.25  -8.99  -11.23 

4JXX  -8.14  -5.99 -6.05  -6.50 -6.04  -6.24  -6.42  -14.30  -12.02 

4JXZ  -8.14  -5.58 -5.61  -6.05 -5.69  -5.76  -5.93  -14.30  -11.57 

4LG2  -8.89  -7.96 -8.26  -8.81 -8.03  -8.22  -8.78  -9.33  -10.95 

4LJ0  -8.59  -7.80 -7.18  -9.54 -7.21  -7.45  -10.96  -6.28  -8.17 

4M7A  -9.70  -8.43 -7.41  -10.99 -8.12  -8.04  -14.48  -9.16  -8.48 

4N2Q  -11.45  -8.54 -8.06  -8.57 -8.40  -8.32  -8.62  -10.09  -11.31 

4O26  -7.91  -6.82 -6.63  -8.11 -6.99  -6.86  -8.87  -14.83  -10.39 

4QEI  -6.55  -4.95 -4.83  -5.11 -4.78  -4.88  -5.60  -13.61  -6.75 

4QI2  -9.17  -10.61 -9.48  -15.71 -11.79  -11.51  -23.36  -11.60  -11.32 

4R3I  -7.77  -7.29 -7.11  -6.87 -7.18  -6.91  -6.52  -8.72  -9.06 

4RCJ  -8.18  -6.32 -7.05  -7.19 -6.41  -6.87  -7.60  -9.45  -8.95 

4TUX  -10.41  -8.71 -8.23  -10.13 -8.86  -9.11  -11.35  -10.42  -11.07 

4U8T  -9.13  -8.21 -8.34  -13.14 -10.01  -9.20  -16.33  -8.58  -8.24 

4WZM  -3.75  -5.30 -5.11  -5.84 -5.13  -5.28  -6.29  -9.74  -10.07 

4YVI  -8.67  -5.86 -5.81  -6.29 -5.91  -6.16  -6.29  -13.52  -10.37 

4Z31  -8.79  -7.45 -6.98  -8.29 -7.60  -7.52  -9.49  -11.91  -16.22 

5DET  -8.11  -5.81 -5.29  -7.31 -5.16  -5.83  -8.65  -9.24  -8.28 

5DNO  -7.83  -6.55 -6.22  -6.64 -6.11  -6.25  -7.29  -8.77  -7.31 

5ELR  -6.25  -6.94 -7.01  -7.74 -6.95  -7.17  -7.67  -9.25  -9.02 

5F5H  -9.18  -8.14 -8.05  -9.58 -9.02  -8.18  -10.73  -9.04  -8.79 

5H1K  -7.98  -8.28 -7.74  -9.90 -8.24  -8.01  -10.52  -10.90  -10.26 

5H1L  -8.18  -6.98 -6.52  -7.63 -7.52  -7.36  -7.82  -10.47  -10.19 

5UDZ  -10.65  -7.84 -7.44  -9.51 -7.99  -8.05  -11.23  -11.95  -8.29 

5V7C  -6.99  -7.16 -7.29  -7.63 -7.20  -7.36  -7.31  -9.86  -9.62 

5WWW  -6.61  -6.04 -5.94  -6.49 -5.99  -6.13  -6.41  -7.81  -8.36 

5WWX  -9.08  -6.43 -6.45  -7.16 -6.46  -6.62  -6.89  -8.47  -8.28 

5WZG  -10.05  -7.21 -6.87  -7.82 -7.10  -7.09  -7.95  -9.40  -9.99 

5WZK  -9.11  -6.67 -6.37  -7.39 -6.61  -6.47  -7.68  -8.83  -10.17 

5X6B  -9.84  -7.48 -7.02  -7.72 -7.19  -7.28  -9.13  -11.89  -16.57 

5XJ2  -6.02  -7.04 -7.44  -7.09 -7.07  -7.14  -6.92  DNoA -9.53 

5Y58  -9.42  -8.52 -7.66  -10.97 -8.85  -8.54  -12.75  -15.02  -14.99 

5YTV  -8.04  -4.84 -5.11  -5.24 -4.83  -4.97  -5.11  -8.83  -5.93 

5Z9X  -4.95  -5.90 -5.90  -6.90 -6.13  -6.49  -7.02  -10.26  -9.49 
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Stress 

Data Set 

Exp. ΔG 

kcal/mol 

Random 

Forest 

kcal/mol 

GBoost 

kcal/mol 

Neural 

Network 

kcal/mol 

Stacked 

Ensemble 

kcal/mol 

XGBoost 

kcal/mol 

Linear 

Regression 

kcal/mol 

PredPRBA 

kcal/mol 

PRA-Pred 

kcal/mol 

6CMN  -7.83  -8.02 -7.55  -9.12 -7.65  -7.88  -9.10  -11.66  -7.55 

6D12  -9.30  -9.06 -8.79  -11.22 -9.19  -9.23  -12.20  -12.20  -7.85 

6DB9  -8.25  -7.66 -7.53  -8.06 -7.57  -7.42  -8.34  -14.90  -10.48 

6DCL  -10.65  -8.50 -7.59  -9.35 -7.98  -8.12  -9.75  -9.60  -9.13 

6FPQ  -6.93  -7.05 -6.75  -7.26 -7.02  -6.93  -7.99  -8.95  -8.36 

6FPX  -9.29  -9.83 -8.88  -14.06 -11.03  -10.51  -18.76  -11.48  -8.49 

6FQR  -6.07  -5.04 -5.37  -5.38 -5.22  -5.21  -5.95  -6.46  -8.17 

6GX6  -7.26  -4.50 -4.75  -4.79 -4.70  -4.67  -5.21  -7.96  -8.21 

6MCE  -10.43  -9.29 -8.56  -10.65 -8.68  -8.94  -11.37  -13.50  -8.38 

6MCF  -10.22  -9.87 -9.21  -10.74 -9.46  -9.35  -11.62  -13.50  -10.55 

6O16  -10.72  -7.73 -6.82  -10.57 -7.48  -7.14  -12.72  DNoA -11.95 

Total 

Sample 
112 112 112 112 112 112 112 106 107 

(r)7  0.63 0.59 0.53 0.59 0.59 0.44 0.18 0.18 

 

 

During stress assessment, we applied the same evaluation framework as done for the test 

set to an independent stress set with 110 complexes, which contained a larger and more diverse 

collection of molecular complexes. Figure 3-11 and Table 3-6 summarize the results obtained for 

the stress set and confirm, on average, satisfactory results with differences between the 

performances of the models in agreement with those monitored for the test set. In detail, the RFR 

model once again demonstrated the best performances in terms of both (r)=0.64 with the lowest 

MAE of 1.63, and rS (0.64). These results are further supported by the lowest ρ-value (6.02 x 10-14), 

indicating that the model’s predictive capabilities are highly significant and unlikely to have occurred 

by chance. 

 

Table 3-6. Performance metrics of various machine learning models on the stress set, correlating 

the PANTHER scores with experimental ΔG values. Metrics include correlation coefficient (r), mean 

absolute error (MAE), Spearman's rank correlation coefficient (rs), and ρ value. Random Forest 

Regression demonstrates the highest predictive accuracy on both datasets. The table also includes 

the performances achieved by the other two tested methods (i.e., PredPRBA and PRA-Pred), which 

are discussed in the following section. 

 
7 (r): Pearson Correlation value 
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 Stress Set 

Model  r8 MAE9 

kcal/mol 

rs
10 ρ value11 

Random Forest Regression  0.64 1.98 0.61 9.19 × 10−13 

GBoosting Regression 0.59 1.97 0.56 1.34 × 10−10 

Stacked Ensemble 0.59 1.68 0.59 3.02 × 10−12 

XGBoosting Regression  0.59 1.67 0.59 8.54 × 10−12 

Linear Regression 0.44 3.58 0.57 3.02 × 10−12 

PredPRBA 0.18 2.16 0.19 0.05 

PRA-Pred 0.18 2.10 0.25 9.19 × 10−3 

 

Figure 3-12 shows the plots of the model-specific PANTHER score (kcal/mol) versus the 

experimental ΔG values (kcal/mol) and highlights the satisfactory performances reached by RFR, 

followed by the very similar results yielded by Gradient Boost, XGBoost and Stacking ensemble, 

while neural network and linear regression confirm their lower performances with some complexes 

which behave as clear outliers. Similar performances observed for RFR, Gradient Boost, XGBoost 

and stacking ensemble can be explained by considering that the computed scores are highly 

intercorrelated as can be seen from Table 3-5. In contrast, these interrelations decrease when 

considering the scores from neural network and linear regression. All the linear equations for the 

correlations reported in Figure 3-12 show slopes far from being equal to 45° and intercept  0 (data 

not shown) but, as discussed above, the relevance of the PANTHER score is its encouraging 

correlation with experimental ΔG values regardless of the numerical agreement between these 

values.   

 

 
8 r: Pearson Correlation 
9 MAE: Mean Absolute Error 
10 rs: Spearman Correlation 
11 ρ value: Spearman's Rho 
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Figure 3-11. Performance comparison of machine learning models based on Pearson correlation (r), 

Spearman correlation (rs), and Mean Absolute Error (MAE) for the stress set. Random Forest 

Regression (RFR) demonstrates the highest predictive accuracy, whereas Linear Regression shows 

poor correlations and higher MAE compared to the other models. 

 

The performance discussed of the various methods find relevant confirmations also when 

analyzing the resulting plots of the ranks of model-specific PANTHER scores versus the experimental 

ΔG ranks. As evidenced by the corresponding Spearman rank correlation values, the RFR model is 

confirmed to be the best performing one with rs (0.64), followed by Gradient Boost, XGBoost, neural 

network and Stacking ensemble which reveal rs value (0.59) as can be observed in Figure 3-13. 

Notably, when analyzing the rank correlation, the linear correlation also provides similar 

performances (rs = 0.57). These results indicate positive strength and direction of association 

between experimental ΔG and score values, a very important outcome since PANTHER score will be 

primarily used to rank and prioritize the analyzed RNA-protein complexes. Finally, all machine 

learning models demonstrated highly significant correlations with experimental ΔG values, 

exhibiting ρ-values < 10−10 . This result emphasizes that these performances cannot occur by chance. 

While the correlation and significance values of several models specifically RFR, GBoost, Stacked 

Ensemble, and XGBoost appear to be similar, this convergence reflects the robustness of the dataset 

and the comparable learning capacity of tree-based algorithms applied to the same descriptors.  
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Figure 3-12. Scatter plots showing the linear correlations (as expressed by r values) between 

experimental ΔG values and computed PANTHER scores for various models: Random Forest, 

Gradient Boost, Neural Network, Stacking Ensemble, XGBoost Regression, Linear Regression. 

Nevertheless, Figure 3-12, Figure 3-13 and Table 3-6 reveals that RFR displayed the best 

overall performance, with the highest correlation coefficients (r = 0.64, rₛ = 0.64) and the lowest 
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MAE (1.63 kcal/mol), outperforming the next-best GBoost model (r = 0.59, rₛ = 0.56, MAE = 1.97 

kcal/mol) by approximately 8–10% in correlation and 17% in prediction accuracy. Furthermore, its 

highly significant ρ-value (6.02 × 10⁻¹⁴) supports the reliability of this result. Overall, these findings 

indicate that, although several ensemble models perform comparably, RFR emerges as the most 

accurate and stable predictor and was therefore selected for the final implementation in the 

PANTHER scoring system. Now onwards, the term PANTHER score refers to the value obtained by 

combining the local interaction energies between amino acid-nucleotide base pairs, extracted from 

the here developed RFR ML model, and later processed by the local-to-global integration approach. 

In this workflow, the local interaction energies are first predicted by the ML model and then 

integrated using the local-to-global method to compute the final PANTHER score. This whole process 

is discussed again with an example in following sub-section “Demonstration of the Random Forest 

Regression predictions for PANTHER Score Calculation”. 
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Figure 3-13. Scatter plots showing the Spearman rank correlation (rs) between experimental ΔG 

ranks and ranks of PANTHER score for the models. This figure also includes the corresponding plots 

for the other two tested methods (PredPRBA and PRA-Pred). 
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3.3.5. Permutation Feature Importance Analysis  

To assess whether model predictions are driven by meaningful features, we performed 

permutation importance analysis on the test set for the two numerical features: distance and 

number of hydrogen bonds (Figures 3-14 and 3-15, Tables 3-7 and 3-8). For each feature, we 

conducted 30 independent permutations where feature values were randomly shuffled across all 

pairwise interactions, and the pairwise local energies were predicted using the RFR model and 

converted to PANTHER score using our local-to-global method. Performance degradation was 

assessed relative to baseline using Root Mean Square Error (RMSE) and Pearson correlation 

coefficient (r). Distance emerged as key feature: permuting it increased RMSE by 0.140 ± 0.014 

kcal/mol (+7.6%) and reduced Pearson (r) by 0.135 ± 0.013 (reported relative to (r) ≈ 0.80, ~16.9% 

loss; both ρ < 10⁻⁶, one-sided t-test, mean ± SD over 30 permutations). The number of hydrogen 

bonds had an even larger impact on absolute error, increasing RMSE by 0.259 ± 0.007 kcal/mol 

(+14.0%), and reduced Pearson (r) by 0.083 ± 0.011 (~10.4% loss; p < 10⁻⁶). These results align with 

molecular recognition: distance captures the distance-dependent nature of intermolecular forces 

and contributes most to rank-order discrimination across complexes (larger Δr), while number of 

hydrogen bonds reflects hydrogen-bonding networks and contributes to the magnitude of predicted 

PANTHER score (larger ΔRMSE). Together, these features capture complementary aspects of 

protein-RNA binding thermodynamics.  

 

Figure 3-14. Permutation feature importance analysis for distance (n = 30 shuffles). A, C: Individual 

permutation results (blue circles) with the baseline using intact features (red dashed line) and the 
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mean across permutations (green dotted line). B, D: Importance scores with runs sorted by 

magnitude; the orange line marks the mean. We define ΔRMSE = RMSE_perm − RMSE_base and Δr 

= r_base − r_perm so larger values indicate greater degradation. Top row: RMSE (kcal/mol). Bottom 

row: Pearson correlation coefficient. Permuting Distance significantly degrades performance (Δ 

RMSE = 0.140 ± 0.014 kcal/mol; Δ Pearson r = 0.135 ± 0.013; both p < 10⁻⁶, one-sided t-test; mean 

± SD), indicating that intermolecular distance is a critical driver of the model’s predictions, consistent 

with fundamental principles of molecular interaction. 

 

 

Figure 3-15. Permutation feature importance analysis for Hbond (num) (n = 30 shuffles), following 

the same methodology as Figure 3-1. A, C: Individual permutation results (blue circles) with the 

baseline using intact features (red dashed) and the mean across permutations (green dotted). B, D: 

Importance scores with runs sorted by magnitude; the orange line marks the mean. We define 

ΔRMSE = RMSE_perm − RMSE_base and Δr = r_base − r_perm so larger values indicate greater 

degradation. Permuting Hbond (num) increased error by ΔRMSE = 0.259 ± 0.007 kcal/mol and 

reduced correlation by Δ Pearson r = 0.083 ± 0.011 (both p < 10⁻⁶, one-sided t-test; mean ± SD). 
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Table 3-7. ML-predicted local-to-global score predictions (kcal/mol) for the test set, obtained across 

30 permutations in which distance feature was randomly shuffled. Columns: PDB code, experimental 

ΔG, baseline prediction (original features), and 30 permuted predictions (Perm 01 to Perm 30). Each 

permuted prediction corresponds the local-to-global decomposed energies after distance 

perturbation. 

TestSet  
Exp. 

ΔG  

Baseline-

Prediction  
Perm0112  Perm02  Perm03  Perm04  Perm05  Perm06  Perm07  Perm08  Perm09  Perm10  

1EC6  -7.99  -6.03  -5.34  -5.35  -5.43  -5.39  -5.40  -5.40  -5.40  -5.46  -5.37  -5.38  

1NYB  -9.13  -7.91  -8.20  -8.22  -8.37  -8.25  -8.27  -8.24  -8.21  -8.45  -8.45  -8.32  

1RKJ  -7.99  -7.13  -7.23  -7.27  -7.15  -7.18  -7.16  -7.30  -7.24  -7.24  -7.08  -7.27  

1U0B  -8.96  -6.31  -6.33  -6.39  -6.37  -6.37  -6.32  -6.31  -6.36  -6.41  -6.36  -6.37  

2B6G  -10.26  -7.59  -7.40  -7.55  -7.48  -7.36  -7.44  -7.46  -7.55  -7.47  -7.39  -7.55  

2LBS  -6.09  -5.50  -5.54  -5.54  -5.65  -5.60  -5.52  -5.53  -5.57  -5.64  -5.67  -5.60  

2M8D  -8.73  -6.94  -6.53  -6.72  -6.55  -6.51  -6.56  -6.62  -6.58  -6.52  -6.49  -6.50  

TestSet  
Exp. 

ΔG  

Baseline-

Prediction  
Perm11  Perm12  Perm13  Perm14  Perm15  Perm16  Perm17  Perm18  Perm19  Perm20  

1EC6  -7.99  -6.03  -5.35  -5.35  -5.31  -5.40  -5.31  -5.40  -5.41  -5.42  -5.39  -5.37  

1NYB  -9.13  -7.91  -8.28  -8.26  -8.32  -8.20  -8.38  -8.31  -8.28  -8.34  -8.29  -8.29  

1RKJ  -7.99  -7.13  -7.21  -7.32  -7.15  -7.25  -7.27  -7.29  -7.23  -7.16  -7.24  -7.29  

1U0B  -8.96  -6.31  -6.37  -6.43  -6.38  -6.37  -6.41  -6.36  -6.41  -6.35  -6.36  -6.40  

2B6G  -10.26  -7.59  -7.52  -7.41  -7.54  -7.45  -7.35  -7.48  -7.44  -7.51  -7.46  -7.40  

2LBS  -6.09  -5.50  -5.58  -5.58  -5.53  -5.63  -5.63  -5.51  -5.58  -5.61  -5.66  -5.61  

2M8D  -8.73  -6.94  -6.64  -6.52  -6.61  -6.64  -6.52  -6.55  -6.51  -6.67  -6.55  -6.65  

TestSet  
Exp. 

ΔG  

Baseline-

Prediction  
Perm21  Perm22  Perm23  Perm24  Perm25  Perm26  Perm27  Perm28  Perm29  Perm30  

1EC6  -7.99  -6.03  -5.37  -5.39  -5.42  -5.28  -5.38  -5.29  -5.30  -5.36  -5.40  -5.46  

1NYB  -9.13  -7.91  -8.21  -8.42  -8.27  -8.21  -8.34  -8.28  -8.35  -8.26  -8.29  -8.33  

1RKJ  -7.99  -7.13  -7.26  -7.22  -7.19  -7.25  -7.25  -7.26  -7.31  -7.28  -7.22  -7.24  

1U0B  -8.96  -6.31  -6.36  -6.30  -6.33  -6.40  -6.36  -6.37  -6.39  -6.34  -6.37  -6.35  

2B6G  -10.26  -7.59  -7.54  -7.57  -7.48  -7.46  -7.45  -7.40  -7.57  -7.47  -7.30  -7.39  

2LBS  -6.09  -5.50  -5.65  -5.57  -5.63  -5.71  -5.61  -5.64  -5.56  -5.60  -5.76  -5.53  

2M8D  -8.73  -6.94  -6.69  -6.66  -6.64  -6.58  -6.55  -6.57  -6.51  -6.57  -6.63  -6.59  

 

 
12 Perm*: Permutation 
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Table 3-8. ML-predicted local-to-global score predictions (kcal/mol) for the test set, obtained across 

30 permutations, in which number of Hbond was randomly shuffled. Columns: PDB code, 

experimental ΔG, baseline prediction (original features), and 30 permuted predictions (Perm 01 to 

Perm 30). Each permuted prediction represents the local-to-global decomposed energies after 

Hbond perturbation.  

TestSet  
Exp. 

ΔG  

Baseline-

Prediction  
Perm01 13 Perm02  Perm03  Perm04  Perm05  Perm06  Perm07  Perm08  Perm09  Perm10  

1EC6  -7.99  -6.03  -6.20  -6.20  -6.18  -6.23  -6.20  -6.18  -6.23  -6.25  -6.18  -6.20  

1NYB  -9.13  -7.91  -7.67  -7.69  -7.67  -7.71  -7.57  -7.60  -7.72  -7.68  -7.71  -7.78  

1RKJ  -7.99  -7.13  -6.77  -6.79  -6.74  -6.83  -6.74  -6.74  -6.70  -6.79  -6.70  -6.83  

1U0B  -8.96  -6.31  -6.17  -6.18  -6.21  -6.17  -6.16  -6.21  -6.18  -6.21  -6.17  -6.13  

2B6G  -10.26  -7.59  -7.06  -7.07  -6.99  -7.02  -7.01  -6.99  -6.98  -7.07  -7.01  -6.96  

2LBS  -6.09  -5.50  -5.58  -5.57  -5.65  -5.58  -5.63  -5.60  -5.69  -5.60  -5.66  -5.64  

2M8D  -8.73  -6.94  -6.41  -6.29  -6.35  -6.50  -6.51  -6.30  -6.31  -6.30  -6.51  -6.28  

TestSet  
Exp. 

ΔG  

Baseline-

Prediction  
Perm11  Perm12  Perm13  Perm14  Perm15  Perm16  Perm17  Perm18  Perm19  Perm20  

1EC6  -7.99  -6.03  -6.14  -6.17  -6.18  -6.13  -6.23  -6.19  -6.15  -6.20  -6.22  -6.22  

1NYB  -9.13  -7.91  -7.65  -7.67  -7.66  -7.66  -7.57  -7.63  -7.58  -7.65  -7.67  -7.66  

1RKJ  -7.99  -7.13  -6.80  -6.78  -6.79  -6.75  -6.77  -6.80  -6.79  -6.80  -6.78  -6.81  

1U0B  -8.96  -6.31  -6.21  -6.19  -6.16  -6.18  -6.19  -6.17  -6.17  -6.22  -6.14  -6.20  

2B6G  -10.26  -7.59  -7.04  -7.02  -7.01  -7.05  -7.08  -7.06  -7.01  -7.06  -7.04  -7.01  

2LBS  -6.09  -5.50  -5.61  -5.68  -5.55  -5.61  -5.64  -5.68  -5.60  -5.58  -5.63  -5.66  

2M8D  -8.73  -6.94  -6.38  -6.26  -6.39  -6.33  -6.33  -6.46  -6.29  -6.31  -6.46  -6.30  

TestSet  
Exp. 

ΔG  

Baseline-

Prediction  
Perm21  Perm22  Perm23  Perm24  Perm25  Perm26  Perm27  Perm28  Perm29  Perm30  

1EC6  -7.99  -6.03  -6.19  -6.18  -6.09  -6.20  -6.24  -6.14  -6.22  -6.14  -6.18  -6.17  

1NYB  -9.13  -7.91  -7.64  -7.54  -7.70  -7.65  -7.65  -7.66  -7.65  -7.54  -7.69  -7.80  

1RKJ  -7.99  -7.13  -6.77  -6.78  -6.77  -6.80  -6.78  -6.74  -6.78  -6.71  -6.80  -6.78  

1U0B  -8.96  -6.31  -6.17  -6.19  -6.23  -6.18  -6.17  -6.23  -6.20  -6.22  -6.20  -6.15  

2B6G  -10.26  -7.59  -6.98  -6.98  -6.98  -7.06  -7.01  -7.02  -7.04  -7.07  -6.88  -7.02  

2LBS  -6.09  -5.50  -5.63  -5.74  -5.55  -5.60  -5.74  -5.70  -5.66  -5.69  -5.59  -5.60  

2M8D  -8.73  -6.94  -6.42  -6.44  -6.33  -6.32  -6.41  -6.36  -6.38  -6.30  -6.33  -6.31  

 

 
13 Perm*: Permutation 
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3.3.6 Comparison of PANTHER Score with Existing Functional Software 

The performances of all the model-specific PANTHER scores were compared with those 

obtained using two similarly structured, publicly available methods known as PredPRBA and PRA-

Pred. These two tools were chosen because they represent recent and accessible we-based 

applications for protein-RNA binding affinity prediction. Notably, both methods accept the PDB ID 

as input; therefore, the 110 complexes of the stress set were directly submitted without requiring 

any preparation. The results obtained for these two methods, reported in Table 3-5, Table 3-6, 

Figures 3-11 and 3-12, reveal significantly poorer performance compared to that achieved by the 

PANTHER score. In detail, PredPRBA and PRA-Pred exhibit very low (r) (both 0.18) and rs (0.19 and 

0.25, respectively) values, indicating a lack of reliable correlations between the experimental ΔG 

values, and the scores predicted by both methods when analyzing the stress set of 110 untreated 

complexes spanning various categories. In addition, the mean absolute errors (MAE) exhibit rather 

high values (2.16 and 2.10 kcal/mol for PredPRBA and PRA-Pred respectively) and the ρ-values (> 

10−3) suggest a limited significance of these correlations. Collectively, these comparative analyses 

further underline the notable performance achieved by the PANTHER score since the proposed 

fragmental approach outperforms the other available tested tools. To understand the substantial 

performance gap between PANTHER and existing methods, we analyzed the key differences in their 

underlying methodologies and training strategies. PredPRBA trained Gradient Boosted Regression 

Tree (GBRT) models on 103 non-redundant protein-RNA complexes using 37 features. Although 

these features are structure-based, they represent global or interface-averaged properties, such as 

secondary structure content, solvent-accessible surface area, RNA base-pair frequencies, and 

predicted folding energies, rather than explicit residue-to-nucleotide interactions or pairwise 

energetics. While the GBRT framework effectively captures statistical correlations between these 

global descriptors and binding affinity, it lacks the capability to resolve atom-level energetic 

contributions as well as to account for conformational dynamics. This limitation constrains 

generalization to structurally diverse or untreated complexes.  On the other hand, PRA-Pred 

advanced structure-based modeling by assembling 217 non-redundant complexes and defining 17 

structural descriptors. However, these descriptors are aggregated across entire binding interfaces 

rather than being resolved for individual residue-nucleotide pairs. Furthermore, the multiple linear 

regression (MLR) framework employs only 4-8 interface-averaged variables per model and assumes 

simple linear additivity, and therefore cannot represent the critical non-linear, distance-dependent 

effects in RNA-protein binding. Although both methods achieved high performance on their 
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respective benchmarking datasets, their accuracy declined substantially when applied to the 

independent stress set. In contrast, PANTHER introduces a two-tier, physics-aware framework that 

fundamentally differs from both approaches. At the local level, MD simulations mitigate data 

scarcity and quality limitations by generating time-averaged pairwise interaction energies. 

Specifically, only interactions persisting for more than 70% of simulation time are retained, 

effectively filtering transient and non-specific contacts. Each persistent residue-nucleotide pair is 

then decomposed into van der Waals and electrostatic components, providing physically 

meaningful, atom-level training data. Additionally, PANTHER employs RFR to predict local energies 

from structural features. In contrast to the linear MLR framework used in PRA-Pred, RFR can capture 

complex non-linear relationships and feature interactions inherent in protein-RNA binding, thus 

leading to improved predictive accuracy for local interaction energies. Then, predicted local energies 

are integrated to estimate overall binding affinity with our local-to-global approach. This design 

offers three key advantages. First, it captures explicit residue-nucleotide energetics rather than 

interface-averaged properties, thereby preserving spatial resolution. Second, it leverages MD-

derived dynamic data, enabling the model to learn physically derived relationships between 

pairwise features and interaction energies that would be inaccessible from static structures alone. 

Third, the two-stage framework of local energy prediction followed by local-to-global integration 

facilitates generalization across diverse RNA and protein types, as local interactions represent 

transferable building blocks for binding affinity predictions.  

3.3.7 Demonstration of the Random Forest Regression predictions for PANTHER 

Score Calculation 

To illustrate the local-to-global approach of the PANTHER score, we analyzed the structure 

of S.pombe Mmi1 in complex with 7-mer RNA complex (PDB ID: 6FPQ, experimental ΔG = -6.93 

kcal/mol). Figure 3-16 shows the 3D structure of the complex, highlighting the key local interactions 

between amino acid and nucleotide bases (e.g., ASN-336 with A-5, ARG-338 with C-6). Each local 

interaction energy, as predicted by our RFR model, is listed in Table 3-9, while an input example for 

RFR model has been detailed in Table 3-10. Notably, the RFR model accurately estimates these local 

energies without requiring computationally expensive MD simulations, demonstrating the 

efficiency of the here developed approach. For instance, ARG-488 and U-1 exhibit a strong local 

energy of -18.95 kcal/mol, while other pairs like TYR-352 and A-3 contribute -5.69 kcal/mol. By 

averaging these local energies, we obtained a PANTHER score of -7.05 kcal/mol, closely matching 

the experimental ΔG value (difference: -0.12 kcal/mol). This close agreement is a clear example of 
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the predictive power of the approach, where ML-predicted local energy contributions effectively 

replace MD-derived local energies maintaining satisfactory predictive accuracy. The graphical 

representation in Figure 3-16, together with the predicted energy values reported in Table 3-9, 

highlights the explainability of the PANTHER score, which enables the evaluating protein-RNA 

binding recognition processes through a computationally efficient framework. 

 

Table 3-9. Example of protein-RNA complex 6FPQ (Experimental ΔG = -6.93) to predict the Local 

energies by the Random Forest model and integrated with local-to-global method to be called as 

PANTHER score of -7.05. 

Amino Acid Number Amino Acid Name 
Nucleotide Base 

Number 
Nucleotide Base 

Name 
Local Energy 

kcal/mol 

336 ASN14 5 A15 -4.60 

336 ASN 6 C16 -3.55 

338 ARG17 6 C -17.67 

352 TYR18 3 A -5.69 

392 TYR 4 A -3.39 

406 TYR 3 A -5.15 

436 LYS19 3 A -8.63 

437 THR20 1 U21 -8.04 

466 TYR 4 A -3.37 

470 SER22 3 A -3.40 

477 ASN 3 A -5.10 

487 ASP23 1 U -4.11 

488 ARG 1 U -18.95 

Average    -7.05 

 

 
14 ASN: Asparagine 
15 A: Adenine 
16 C: Cytosine 
17 ARG: Arginine 
18 TYR : Tyrosine 
19 LYS: Lysine 
20 THR: Threonine 
21 U: Uracil 
22 SER: Serine 
23 ASP: Asparagine 
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Figure 3-16. Visualization of protein-nucleotide interactions for the Mmi1 protein in complex with 

7-mer RNA (PDB Id 6FPQ) showing residue pairs with their local binding energies (kcal/mol). Residue 

labels are positioned close to their corresponding spheres, with energy values displayed along 

dashed connection lines. These spheres are the center of mass of each interacting residue. By 

averaging these local energies obtained from Random Forest Regression models we finally achieved 

the PANTHER score of -7.05 kcal/mol whereas the experimental value of 6FPQ is -6.93 kcal/mol. The 

interacting groups are coloured according to their stabilizing energies by a colour ramp ranging from 

red (strongly interacting groups) to blue (poorly interacting groups) colours. The data is shown in 

Table 3-9. 
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Table 3-10. Example of feature inputs used to train the ML models in this study. 

Amino Acid ID Nucleotide Base ID Distance (Å) 
Local Interaction Energy 

(kcal/mol) 
Hbond 24Number 

ASN25 G26 9.77 -3.99 2 

LYS27 A28 10.71 -7.62 2 

ARG29 U30 7.76 -8.03 2 

GLN31 C32 8.67 -4.63 3 

 

3.4. Conclusion 

In this study, we introduced the PANTHER scoring function, a machine learning-based model 

developed to calculate scores specially tailored for protein-RNA interactions with high accuracy and 

reliability. By leveraging pairwise interaction features derived from MD simulations and a diverse 

dataset of protein-RNA complexes, PANTHER score demonstrated superior performance compared 

to existing methods, including PredPRBA [205], and PRA-Pred [202], as evidenced by its robust 

correlation coefficients and reduced prediction errors. 

Among the models tested, those generated by RFR emerged as the most reliable ones, achieving 

the highest model-specific PANTHER score vs experimental ΔG Pearson correlation coefficient (r = 

0.80) and a mean absolute error (MAE = 1.79 kcal/mol) on the test set. Even under the challenging 

conditions of the stress set, RFR maintained its robustness, with (r) = 0.64 and MAE = 1.63 kcal/mol, 

highlighting its ability to handle unseen and untreated data. These findings underscore the strength 

of the developed RFR model in capturing complex, non-linear relationships inherent in protein-RNA 

interactions. 

Thus, our approach demonstrates the value of employing a local-to-global methodology to 

generate high-quality data for model training. By calculating local energies purposely extracted from 

MD simulations and filtered by implementing noise reduction techniques (as detailed in Methods 

sub-section; “Extraction of Pairwise Local Energies and Noise Reduction Technique”), we produced 

 
24 Hbond: Hydrogen Bond 
25 ASN: Asparagine 
26 G: Guanine 
27 LYS: Lysine 
28 A: Adenine 
29 ARG: Arginine 
30 U: Uracil 
31 GLU: Glutamine 
32 C: Cytosine 
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a large and reliable dataset of intermolecular interactions to effectively train the models. Such an 

approach shows several advantages, which can be summarized as follows. First, to reduce the high-

frequency oscillations typically observed in MD simulations, interaction energies are averaged over 

10 consecutive frames and only those interactions which persist during 70% of the simulation period 

were considered. This lifetime cutoff and averaging process reduces random or negligible 

interactions and, enhances the reliability of the local dataset by focusing on the most stable 

interaction energy profiles. Second, to ensure comprehensive temporal coverage of the simulation 

data, a frame-skip interval of 40 frames is implemented between the 10-frame analyzed windows. 

This strategy effectively reduces the risk of oversampling from highly correlated adjacent frames, 

which could lead to biased results. By maintaining a balanced sampling approach, the interaction 

data reflects a broader spectrum of the system's dynamics throughout the entire simulation time. 

Third, the combined methodology of averaging interaction energies and implementing frame-

skipping effectively captures the harmonic fluctuations inherent in the system. This dual approach 

strikes a balance between preserving detailed local interaction data and encompassing broader 

temporal dynamics. Consequently, it enhances the dataset's capacity to reveal significant trends 

and patterns in molecular interactions over time. Fourth, the resulting dataset, characterized by 

average and temporally spaced interaction energies, is particularly suited for training machine 

learning models. The balanced structure of the dataset improves the generalizability of the trained 

models by exposing them to a diverse array of interaction patterns across various timeframes. 

Finally, the 12 Å cutoff distance is chosen to include biologically relevant short-range interactions, 

such as ion-pairs, hydrogen bonding, and van der Waals forces, while effectively excluding long-

range interactions that contribute negligibly to pairwise energy calculations. This criterion ensures 

that the analysis remains focused on interactions that are significant from a biophysical perspective. 

Altogether, this approach allowed us to overcome limitations posed by the scarcity of experimental 

ΔG values and enhance the predictive reliability of PANTHER score.  

Remarkably, such a fragmental approach can have a general role and can find fruitful application to 

analyze the intermolecular interactions in protein-protein complexes or even in ligand-protein 

complexes. Moving forward, the proposed approach is flexible and can be further expanded by 

incorporating additional protein-RNA complexes to enhance the predictive power of the PANTHER 

score by exploring more interaction features. These efforts will continue to refine the predictive 

capabilities of the PANTHER score, broadening its applicability to other nucleic acid-protein systems 

and deepening our understanding of these essential biological interactions. 
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Chapter 4  

PANTHER score Web Service: An Accessible Platform for 

Predicting Protein-RNA Binding Affinities Using Machine 

Learning 

4.1. Introduction 

Protein-RNA interactions are essential for cellular processes including gene expression, RNA 

processing, and post-transcriptional regulation [186]. Accurate prediction of binding affinities 

between proteins and RNA molecules is crucial for understanding these mechanisms and advancing 

therapeutic applications targeting RNA-protein complexes [232], [233]. Current computational 

approaches for predicting protein-RNA binding affinities still face significant limitations: a) 

Molecular docking method, while widely used, often lacks the accuracy required for reliable affinity 

prediction [234]; b) Physics-based approaches using molecular dynamics simulations provide 

detailed insights but require substantial computational resources, limiting their accessibility for 

routine applications and is very expensive for large-scale in silico screening [201]. Thus, it can be 

inferred that accuracy is expensive, but Machine learning approaches have shown great potential 

in addressing these challenges by learning complex patterns from experimental and simulation data 

[111] [235]. However, most existing ML models for protein-RNA interactions focus on binding site 

prediction rather than quantitative affinity estimation, although few others are available as user-

friendly web interfaces. Existing web-based tools such as PredPRBA [111]  and PRA-Pred [64] offer 

limited accuracy and lack comprehensive validation on diverse protein-RNA systems. We previously 

developed PANTHER score (Protein Affinity for Nucleic Targeting, Hybridization, and Energy 

Regression), a machine learning model trained on data derived from molecular dynamics 

stimulations, designed to mimic observation. This model predicts protein-RNA binding affinities 

using a novel local-to-global approach, as described in Chapter 3. This method combines carefully 

curated data from molecular dynamics simulations with Random Forest Regression to achieve 

superior predictive performance compared to the existing tools. Here, we present the PANTHER 

web service, which makes this powerful predictive capability freely accessible to the broader 

scientific community. A graphical overview of the web service architecture is shown in Figure 4-1. 
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Figure 4-1. PANTHER web service architecture. 

 

4.2. Materials and Methods 

4.2.1. Workflow 

The PANTHER web service provides a streamlined interface to evaluate protein–RNA binding 

interactions through computation of the PANTHER score. Upon submission, the input protein–RNA 

complex can be specified either by providing a PDB identifier, uploading a batch list containing up 

to 10 PDB IDs, or providing a custom PDB file. The service automatically retrieves (if necessary) and 

parses structural files, identifies protein residues and RNA bases, and extracts relevant interaction 

features including pairwise distances, hydrogen bonds, and residue identities. These features are 

processed by a pre-trained Random Forest regression model, which predicts the local interaction 

energies between amino acid–nucleotide pairs. Local predictions within a 9 Å cutoff are then 

integrated into a global binding energy to estimate the PANTHER score (in kcal/mol). Results are 

presented as overall binding scores, detailed tables of residue-base interaction energies, and 

thermodynamic categorizations (strong, moderate, weak, or unfavorable binding). For batch 

submissions, additional statistical summaries (mean scores, standard deviations, and category 

distributions) are also provided. All outputs are available through interactive visualizations directly 

on the web interface and can also download in JSON and CSV formats for downstream analysis. The 

scientific and mathematical methodology underlying the PANTHER score has been described in 
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detail in our previous chapter (Chapter 3). However, we briefly summarize the key methodological 

aspects of the web service workflow (Figure 4-2). 

 

4.2.2. Dataset and Model Training 

The PANTHER score model was trained on well curated 87,117 points, which are amino acid-

nucleotide pairwise interactions extracted from 46 protein-RNA complexes. These 46 protein-RNA 

complexes were extracted from the Protein Data Bank under stringent quality criteria and were 

curated as described in detail in our previous chapter. The initial data were generated through 

molecular dynamics (MD) simulations performed with the AMBER20 package, using amber99SB 

force field for proteins and OL3 for RNA. From the MD simulation trajectories, the pairwise 

interaction energies between amino acids and nucleotide bases were further computed. These local 

energetic contributions combined with basic geometric descriptors such as pairwise distances 

between the interacting partners, their chemical properties (amino acid and nucleotide types), and 

structural parameters (hydrogen bond counts) formed the basis features for machine learning 

model training. Several regression models were evaluated, including Random Forest, Gradient 

Boosting, Stacked Ensemble, linear regression and neural networks. Among them, Random Forest 

regression achieved the best compromise between accuracy and robustness for predicting the local 

interaction energy between the amino acid-nucleotide base of a protein-RNA complex when 

provided as input. These local predictions under a cutoff distance of 9 Å radius distance calculated 

between the center-of-mass of interacting amino acid-nucleotide base further integrates into a 

global scoring framework. Thus, in short, the local-to-global approach of amino acid-nucleotide 

interaction energies aggregates into a single binding energy estimate, named as the PANTHER score 

(represented in kcal/mol). 

4.2.3. Service Architecture and Implementation 

PANTHER score website is designed for accessibility, robustness, and transparency. The 

service operates on the University of Milan's Nova web server 

(https://nova.disfarm.unimi.it/panther/), where a Python CGI script handles backend processing, 

and an HTML5 & JavaScript interface provides a modern, responsive user-friendly experience. 

Frontend: The user interface provides three input options: single PDB ID entry, multiple PDB IDs 

batch submission (maximum up to 10 structures), and user’s complex uploads in PDB file format. 
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The interface implements real-time validation for PDB identifiers (4-character alphanumeric 

format), displays progress indicators during processing, and provides comprehensive error handling 

with informative feedback messages. 

Backend: The service backend is implemented in Python 3.8+ with BioPython [236] for structural 

parsing and scikit-learn [237] for machine learning predictions. The system validates input, 

downloads PDB files from RCSB servers when needed, processes structures to identify protein-RNA 

interactions, extracts feature for ML prediction and generates results in JSON format for seamless 

frontend integration. 

 

Figure 4-2. PANTHER Web Server workflow. 

 

4.2.4. Input Processing Workflow 

The PANTHER web service executes a computational workflow designed for robust 

processing of protein-RNA complexes across diverse structural contexts (Figure 4-2). The pipeline 

begins with input handling that distinguishes between PDB identifiers, batch submission lists and 

uploaded structure files. For PDB identifiers, the system establishes the connections to the RCSB 

Protein Data Bank servers downloading and caching structure files to minimize redundant network 

operations. Structure parsing employs PDB coordinate analysis that processes ATOM records and 

processes only the first structural model for simplicity when multiple models are present in PDB 
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files. The parser systematically identifies protein residues by screening for the twenty standard 

amino acids and RNA components by detecting adenine, uracil, guanine and cytosine. It should be 

noted that complexes containing non-standard amino acids, DNA chains, and ligands within the 

binding-site may lead to false interpretation by the web service. Furthermore, in the pipeline the 

chain identification and residue numbering preservation maintain structural context throughout the 

analysis pipeline. Geometric analysis proceeds through center of mass calculations for each residue 

and nucleotide using atomic coordinates weighted by standard atomic masses. Distance 

measurements between all protein-RNA pairs employ three-dimensional Euclidean geometry with 

a 12 Å cutoff threshold that balances computational efficiency with biological relevance. The built-

in hydrogen bond detection tool implements the bond-vector method to estimate hydrogen 

positions from donor atoms, applying geometric criteria that define a maximum distance of 3.5 Å 

between donor and acceptor atoms. Feature engineering aggregates interacting data by 

summarizing multiple contacts between identical residue pairs, calculates average distances to 

account for conformational flexibility, and encodes chemical identities. The preprocessing pipeline 

applies trained column transformers to normalize numerical features and encode categorical 

variables using one-hot representation schemes compatible with the Random Forest architecture. 

Prediction generation applies the pre-trained Random Forest ensemble to the processed features, 

yielding local interaction energies that reflect the thermodynamic contributions of individual amino 

acid-nucleotide pairs. The final score calculation integrates these local predictions within a cutoff 

distance of 9 Å (center-of-mass distances between two amino acid-nucleotide base pairs) using 

distance-weighted averaging to produce the global PANTHER score, expressed in kcal/mol units, 

which further facilitates the thermodynamic interpretation. 

4.2.5. Error Handling and Validation 

The service implements complete validation through multiple integrated layers designed to 

ensure reliable operation across diverse input conditions. Input validation encompasses PDB 

identifier format verification using regular expressions to confirm four-character alphanumeric 

structure, duplicate detection to prevent redundant processing, and file size limitations to maintain 

system performance. Structure validation involves examining the coordinates to ensure compliance 

with the PDB format guidelines, verifying the completeness of atomic coordinates, and confirming 

standard residue composition by checking for the twenty canonical amino acids and four standard 

RNA bases. Processing validation monitors feature extraction success by confirming the 
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identification of protein-RNA interactions, evaluates prediction confidence through ensemble 

variance analysis, and tracks computational resource utilization to prevent system overload. Output 

validation ensures result range verification by checking that predicted scores fall within 

thermodynamically reasonable bounds, performs statistical consistency assessment across multiple 

structures in batch queries (maximum PDB IDs input is limited to 10), and validates file format 

integrity for downloadable results. 

4.2.6. Output Processing Workflow 

Upon submission, the service processes the structure/s as described above and returns 

detailed results including overall binding assessment and statistical summaries (the latter are 

available only for batch queries; all other queries, such as single PDB submissions or user-uploaded 

files, will display null values in this field) as shown in results section. The output presentation focuses 

on PANTHER scores, expressed in kcal/mol units with thermodynamic significance, accompanied by 

binding affinity categorization based on established thermodynamic thresholds. Strong favorable 

binding corresponds to scores below -10 kcal/mol, indicating high-affinity interactions likely to form 

stable complexes under physiological conditions. Moderate favorable binding encompasses scores 

between -10 and -5 kcal/mol, representing interactions of biological relevance that may require 

specific cellular contexts for stability. Weak or neutral binding includes scores between -5 and -2 

kcal/mol, suggesting marginal interactions that likely require cofactors or specific environmental 

conditions. Unfavorable binding covers scores above -2 kcal/mol, indicating interactions unlikely to 

form stable complexes under normal physiological conditions. Statistical summaries provide 

comprehensive analysis including mean PANTHER scores across all PDB IDs queried in a batch of uu 

to 10 structures, standard deviations indicating score variability, and binding category distributions, 

showing the proportion of structures in each thermodynamic class mentioned above.  

4.3. Results and Discussion 

The underlying PANTHER score machine learning model was previously evaluated using a 

stress set of 110 non-redundant protein-RNA complexes which contain experimentally determined 

binding affinities (see Chapter 3). This stress set, assembled from diverse literature sources, 

represented a rigorous challenge for model generalization across varied structural and functional 

classes of protein-RNA interactions. The benchmark results with the stress set demonstrated 

PANTHER's better predictive accuracy compared to existing web-accessible tools. The PANTHER 

score achieved a Pearson correlation coefficient (r) of 0.64 (ρ = 6.02×10⁻¹4) when compared with the 
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respective experimental binding free energies, substantially outperforming PredPRBA (r = 0.18, ρ = 

0.05) and PRA-Pred (r = 0.18, ρ = 9.19×10⁻³) . Moreover, the Spearman rank correlation analysis also 

yielded consistent results, PANTHER score achieved rs = 0.61 compared to rs = 0.19 and rs = 0.25 for 

PredPRBA and PRA-Pred respectively. Mean absolute error also confirmed PANTHER score's 

enhanced accuracy (MAE = 1.98 kcal/mol) compared to PredPRBA (MAE = 2.16 kcal/mol) and PRA-

Pred (MAE = 2.10 kcal/mol). Thus, PANTHER score represents a 3.5-fold improvement in predictive. 

Furthermore, we expanded the stress set from 110 to 155 complexes. 

4.3.1. Benchmarking  

4.3.1.1. Dataset Preparation and Computational Pipeline 

We used the PANTHER score web service to make predictions on protein complexes. We refer to 

the original 110 complexes as the stress set. We then added 45 new complexes (Table 4-1), which 

we call the extended stress set. Altogether, the combined 155 complexes are referred to as the total 

stress set. The extended dataset was assembled from the PDBbind v. 2020 release, which includes 

1,030 protein-nucleic acid complexes with experimentally determined binding affinities. To prepare 

these data for analysis, we implemented a computational pipeline in Python (v3.8+) incorporating 

BioPython (v1.79) for structural parsing. Protein and RNA components were systematically 

separated. Proteins were restricted to the 20 standard amino acids and RNA chains limited to the 

ribonucleotides (A, U, G, C).  

Applying the above pipeline mentioned above to the initial set of 1030 complexes we 

restricted protein-DNA complexes (492, 47.7%), mixed complexes containing multiple nucleic acid 

types (314, 30.4%) were also excluded. We retained protein–RNA complexes (200, 19.4%) for 

further analysis. Among these protein–RNA complexes those complexes containing ligands (14, 

1.4%) were conditionally accepted only if the ligands were not located within the protein–RNA 

binding interface. Additional exclusions included peptide complexes (7, 0.7%) with insufficient 

protein content, nucleic acid–only structures (3, 0.3%) lacking a protein partner, and 

one unclassified entry (0.1%) removed due to structural ambiguity, finally considering 214 

complexes. Furthermore, out of the 214 structurally validated protein–RNA complexes, quantitative 

binding affinity data were available for 187 (87.4%) eliminating further 27 complexes. To prevent 

data overlapping and to ensure independent validation, 48 complexes (25.7%) that overlapped with 

the already studied stress set were removed. From the remaining 139 complexes, we applied the 

seven selection criteria to assemble a final extended stress set of 45 protein–RNA complexes (Table 

4-1). The final criteria ensured both structural quality and biochemical consistency: (i) structures 
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determined by X-ray crystallography with resolution better than 3 Å (12, 26.7%) or by NMR 

spectroscopy (33, 73.3%); (ii) inclusion of only single-stranded RNA to avoid complications from 

double-stranded regions; (iii) exclusion of inhibitors and metal ions to focus solely on protein–RNA 

interactions; (iv) restriction to standard amino acids and nucleotides to maintain uniform chemical 

environments; (v) omission of zinc-finger proteins to eliminate metal-dependent binding artifacts; 

(vi) approximately balanced representation of the four RNA bases (A, U, G, C) to reduce sequence 

composition bias; and (vii) broad coverage of RNA-binding protein folds (12 distinct domain families) 

and taxonomic diversity to enhance the general applicability of the dataset. 

 

Table 4-1. Extended Stress Data Set (45 new complexes added), showing the experimental binding 

free energies (ΔG, kcal/mol) and the predicted PANTHER scores (kcal/mol), along with the 

corresponding values achieved from PredPRBA and PRA-Pred web services. 

 

Extended Stress Set Experimental ΔG 

kcal/mol 

PANTHER score 

kcal/mol 

PredPRBA 

kcal/mol 

PRA-Pred 

kcal/mol 

1FJE -11.87 -9.96 -8.82 -6.87 

1G59 -7.27 -8.07 -13.98 -10.01 

1QFQ -10.50 -9.55 -9.12 -9.08 

1S03 -9.14 -6.67 -14.12 -8.52 

1U6P -9.72 -8.14 -13.47 -7.55 

1WWE -9.23 -8.06 -8.15 -6.41 

1WWG -9.58 -7.49 -7.81 -6.61 

2JPP -9.65 -9.19 -10.52 -9.00 

2KFY -8.70 -8.34 -8.74 -7.85 

2KG0 -7.28 -5.91 -8.74 -8.22 

2KG1 -8.70 -7.50 -8.73 -7.75 

2KXN -7.70 -7.09 -8.03 -6.73 

2L2K -8.77 -7.16 -11.66 -9.64 

2MFC -7.80 -8.82 -8.78 -10.18 

2MFE -9.18 -9.61 -8.78 -10.16 

2MFF -7.94 -8.13 -8.65 -8.76 

2MFG -7.55 -8.26 -8.65 -9.46 

2MFH -7.44 -9.12 -9.20 -7.85 

2MJH -9.84 -7.66 -9.85 -8.45 

2MKI -6.55 -5.90 -9.26 -7.34 

2MKK -7.91 -7.67 -9.25 -8.39 

2MQV -10.21 -8.86 -13.45 -7.67 

2MTV -9.53 -8.74 -9.31 -9.37 

2MXY -7.77 -6.94 -8.15 -6.48 

2MZ1 -6.76 -7.83 -8.47 -6.18 

2RQC -7.80 -7.99 -7.96 -8.32 
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2RU3 -8.52 -7.91 -7.81 -8.65 

2YH1 -8.02 -7.07 -8.99 -7.83 

Extended Stress Set Experimental ΔG 

kcal/mol 

PANTHER score 

kcal/mol 

PredPRBA 

kcal/mol 

PRA-Pred 

kcal/mol 

3BX3 -9.88 -7.71 -9.86 -9.39 

3K4E -11.63 -8.97 -10.6 -11.37 

3QSU -10.52 -8.15 -9.56 -8.57 

4BS2 -10.33 -7.91 -9.46 -8.30 

4YHW -9.49 -8.46 -14.13 -10.32 

5HSW -5.88 -6.04 -12.10 -9.85 

5MPG -8.91 -7.63 -8.15 -6.99 

5MPL -8.55 -9.77 -7.87 -9.18 

5U9B -9.39 -6.81 -9.29 -9.55 

5WWE -8.56 -6.33 -9.34 -7.63 

5WWF -9.04 -8.42 -9.28 -7.35 

5YTT -7.40 -4.78 -7.81 -7.28 

6G99 -6.18 -7.34 -8.47 -7.54 

6GBM -5.56 -7.19 -9.77 -7.95 

6HYU -9.41 -7.66 -9.60 -11.44 

6NOD -10.29 -8.29 -8.70 -10.84 

6SO9 -7.15 -6.96 -9.21 -7.95 

Total  45 45 45 45 

r  0.54 0.14 0.24 

 

4.3.1.2. Extended stress set characteristics 

The newly added 45 complexes represent diverse biological systems from multiple domains, 

including viral complexes (Moloney murine leukemia virus, bacteriophages), bacterial systems 

(Thermus thermophilus), and eukaryotic assemblies (human, plant). The RNA targets include 

transfer RNA (tRNA), ribosomal RNA (rRNA), messenger RNA elements such as splicing enhancers, 

viral RNA packaging signals, and regulatory motifs like boxB or G-tracts. Experimental binding 

affinities span a physiologically relevant range with KD values from 2.0 nM to 84.0 μM. The dataset 

comprises 44 complexes (97.8%) with KD values and 1 complex (2.2%) with the IC₅₀ value. Converting 

to free energy units, the strongest binding exhibits ΔG = -12.98 kcal/mol and the weakest binding 

shows ΔG = -3.75 kcal/mol. This dynamic range captures the full spectrum of protein-RNA binding 

strengths from very tight complexes (nanomolar) to moderate interactions (micromolar). Analysis 

of predictive performance on this extended set (Figure 4-3, 4-4, and Table 4-2) further demonstrates 

that while all three models capture general binding trends, they differ in accuracy and robustness. 

The PANTHER score shows the strongest correlation with experimental ΔG values (r = 0.53, rs = 0.50, 

ρ = 4.07 × 10⁻⁴), indicating reliable predictive power across diverse systems. PRA-Pred exhibits 
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moderate performance (r = 0.23), while PredPRBA shows weaker correlations (r = 0.14) and larger 

prediction errors, suggesting limited generalizability to more structurally diverse complexes. The 

mean absolute errors (MAE) support this trend, with PANTHER score (MAE = 1.27 kcal/mol) 

outperforming PredPRBA (MAE = 1.59 kcal/mol) and PRA-Pred (MAE = 1.32 kcal/mol). These results 

highlight the strengths of PANTHER score in handling complex and heterogeneous RNA-binding 

scenarios, while also revealing areas where other predictors may underperform when faced with 

biologically diverse datasets. 

 

 

Figure 4-3. Scatter plots showing the linear correlations (as expressed by r values) for 45 complexes, 
between experimental ΔG values and computed PANTHER scores, PRA-Pred and PredPRBA 
respectively. 

 

 

 

Figure 4-4. Scatter plots show the Spearman rank correlation (rs) for 45 complexes, between 
experimental ΔG ranks and ranks of PANTHER score, PRA-Pred and PredPRBA respectively. 

  



 

106 
 

Table 4-2. Performance metrics of correlating for extended stress set of the PANTHER scores, 
PredPRBA and PRA-Pred with known experimental ΔG values. Metrics include correlation coefficient 
(r), mean absolute error (MAE), Spearman's rank correlation coefficient (rs), and ρ-value. PANTHER 
Score demonstrates the highest predictive accuracy on total stress set. 

 Extended Stress Set 

Model  r MAE rs  ρ Value 

PANTHER Score 0.53 1.27 0.50  4.07 × 10−4 

PredPRBA 0.14 1.59 0.30  4.30 × 10−2 

PRA-Pred 0.23 1.32 0.22  1.38 × 10−1 

 

4.3.2. Performance Evaluation and Statistical Analysis 

We evaluated the PANTHER score’s web service’s output against the existing protein-RNA 

binding affinity prediction web services for PredPRBA and PRA-Pred, using the total stress set 

containing 155 diverse protein-RNA complexes. Data shown in Table 4-3 represents the comparative 

performance metrics for all three methods evaluated here. 

Table 4-3. Performance metrics of correlating the PANTHER scores, PredPRBA and PRA-Pred with 

known experimental ΔG values. Metrics include correlation coefficient (r), mean absolute error 

(MAE), Spearman's rank correlation coefficient (rs), and ρ-value. PANTHER Score demonstrates the 

highest predictive accuracy on total stress set. 

 Total Stress Set 

Model  r MAE rs  ρ Value 

PANTHER Score 0.57 1.75 0.54  2.45 × 10−13 

PredPRBA 0.18 2.01 0.22  6.91 × 10−3 

PRA-Pred 0.16 1.89 0.24  3.39 × 10−3 

 

PANTHER score demonstrated better performance across multiple metrics. The method 

achieved a Pearson correlation coefficient of (r) of 0.57, representing a 3.2-fold improvement over 

PredPRBA (r of 0.18) and 3.6-fold improvement over PRA-Pred (r of 0.16). PANTHER score also 

exhibited the lowest mean absolute error (MAE of 1.75 kcal/mol) compared to PredPRBA (2.01 

kcal/mol) and PRA-Pred (1.89 kcal/mol). The Spearman correlation derived from the data shown in 

Table 4-2 analysis also demonstrates PANTHER score to have achieved better results with respect 
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to it’s counterparts with rs of 0.54, outperforming both PredPRBA (rs = 0.22) and PRA-Pred (rs = 0.24). 

Notably, PANTHER score exhibited better statistical significance (ρ = 2.45 × 10⁻¹³), approximately 10 

orders of magnitude more significant than the competitors having 6.91 x 10-3 and 3.39 x 10-3 for 

PredPRBA and PRA-Pred respectively (data shown in Table 4-1). Data plotted for the total stress set 

(155 complexes; see Table 4-1 for the extended stress set from this article and Table 3-5 of previous 

chapter for PANTHER score values), as shown in Figure 4-5, highlights clear differences in linear 

correlation performance. PANTHER score predictions show a noticeable linear relationship with 

experimental energies (r = 0.57), with tighter clustering around the regression line across the full ΔG 

range (-13 to -4 kcal/mol), with relatively tight clustering around the regression line and minimal 

systematic bias (r =0.57). In contrast, both PredPRBA (r = 0.18) and PRA-Pred (r = 0.16) exhibit 

substantial scatter with poor correlation with experimental values. PredPRBA predictions span 

roughly -13 to -4 kcal/mol but are broadly dispersed, with many points around -9 kcal/mol 

regardless of experimental binding strength. PRA-Pred predictions also range from -13 to -4 

kcal/mol, but the data exhibits wide scatter, with no distinct clustering pattern and little apparent 

relationship to experimental affinities. Figure 4-6, represents the Spearman rank correlation 

analysis, re-confirms PANTHER score's ability to correctly order protein-RNA complexes by binding 

strength (rs = 0.54). The competing methods show poor ranking performance, with PredPRBA (rs = 

0.22) and PRA-Pred (rs = 0.24), demonstrating limited ability to distinguish between strong and weak 

binders. A case study with 6FPQ as an example to use the model through the web service is 

presented in the next section. 

 

Figure 4-5. Scatter plots showing the linear correlations for total stress set of 155 complexes, 

between experimental ΔG values and computed PANTHER Score, PredPRBA and PRA-Pred 

respectively. 
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Comparing PANTHER score with existing methods demonstrates an improvement in 

predicting protein-RNA binding affinities, corresponding to a 3.2-3.6-fold improvement in linear 

correlation relative to alternative approaches. The statistical significance of this correlation (ρ = 2.45 

× 10⁻¹³) indicates the robustness of the predictions, effectively ruling out the possibility of false 

associations. This enhanced performance can be attributed to PANTHER score's local-to-global 

learning strategy, which decomposes binding free energy into amino acid-nucleotide interaction 

features derived from molecular dynamics simulations and integrates them into a predictive 

framework. To rigorously evaluate model generalization, we implement multi-tiered validation 

strategy (test set → stress set → extended stress set → total stress set). The total stress set, 

composed of non-curated structures without manual refinement of the crystal data, represents real-

world conditions and demonstrates the robustness of our approach in handling structural 

heterogeneity and variations in data quality. Validation on the total stress set of 155 complexes, 

including both crystallographic and NMR structures, confirms broad applicability across different 

experimental conditions. Importantly, the consistent predictive accuracy observed across a 

resolution range of 1.5-3.0 Å indicates that PANTHER score is not sensitive to coordinate precision, 

thereby reinforcing its robustness and utility for diverse structural datasets. 

 

Figure 4-6. Scatter plots showing the Spearman rank correlation (rs) for total stress set of 155 
complexes, between experimental ΔG ranks and ranks of PANTHER Score, PredPRBA and PRA-Pred 
respectively. 

Residual analysis further supports PANTHER score's performance. Prediction errors were 

normally distributed and centered near zero, indicating unbiased estimates across binding affinity 

ranges. Studying the total stress set, we observe that PANTHER score maintained consistent 

accuracy for both strong binders (ΔG < -10 kcal/mol, 21 complexes, 13.5% of the dataset) and 

moderate binders (-10 ≤ ΔG ≤ -5 kcal/mol, 120 complexes 77.4%). The method also performed 
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reliably for weak binders (–5 < ΔG ≤ –2 kcal/mol; 14 complexes, 9.03%), without evidence of 

systematic over- or underestimation. These results demonstrate that PANTHER score achieves 

balanced predictive performance across the full experimental ΔG spectrum. In contrast, PredPRBA 

exhibited the opposite trend, consistently predicting overly favorable binding (mean -9.59 

kcal/mol), resulting in significant bias. Whereas, PRA-Pred systematically overestimated binding 

strength, with an average predicted ΔG of -8.46 kcal/mol compared to the experimental mean of -

8.65 kcal/mol. The 2.3-fold improvement in correlation coefficient achieved by PANTHER score 

relative to Pred-PRBA & PRA-Pred demonstrates its reliability and robustness in capturing the 

thermodynamic diversity of protein-RNA recognition. 

The observed performance differences have important implications for the choice of 

prediction method. Based on our analyses, the PANTHER score appears particularly well-suited for 

applications requiring reliable estimates of protein-RNA binding affinities.  For example, in Drug 

Discovery, the method may assist in ranking RNA-targeting compounds to support lead 

optimization. In Structural Biology, it could guide mutagenesis experiments and aid in the 

interpretation of binding data. Within biology systems, the approach offers the potential to enable 

large-scale analyses of RNA-protein interaction networks. Finally, in synthetic biology, the PANTHER 

score may provide a useful tool for designing orthogonal RNA-protein pairs to support cellular 

engineering efforts. 

PANTHER scores validate the local-to-global strategy for biomolecular interaction prediction. 

The approach addresses the challenge of limited experimental training data by generating training 

data through molecular dynamics simulations to generate additional input and by learning 

transferable amino acid–nucleotide interaction patterns that generalize across diverse complexes. 

The 10-fold difference in statistical significance between PANTHER score and competing methods 

highlights the importance of rigorous validation frameworks and physically grounded 

methodologies in computational biology. Future developments could focus on incorporating 

dynamic effects, allosteric regulations, and cooperative binding phenomena, all of which are known 

to significantly influence biomolecular recognition. The substantial performance improvement 

demonstrated in this study not only establishes a new benchmark for protein-RNA binding 

prediction but also provides a conceptual framework for the development of next-generation 

predictors of biomolecular interactions across a wide range of systems. 
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4.3.3. Interface with Case Study  

 Figure 4-7 illustrates the graphical user interface and the output of the PANTHER web 

service, using 6FPQ as an input example. On the left panel (Figure 4-7, A) users can submit a 

structure either by entering a single PDB ID (e.g., 6FPQ), providing multiple PDB IDs (up to 10 per 

run), or uploading a custom PDB file. Once the structure is submitted, the service processes the 

input, generates binding affinity predictions, and produces the PANTHER score, as shown in the right 

panel of Figure 4-7, B. The right panel displays the output summary, which includes the mean 

binding free energy score (ΔG), the number of favorable versus unfavorable predictions, and 

statistical measures such as standard deviation, best, and worst scores. It is to be noted that the 

statistical measures are only useful when a user provides a list of PDB IDs to calculate in batch. For 

PDB ID 6FPQ, the predicted binding free energy was –7.05 kcal/mol, classified as strong favorable 

binding (ΔG < –5 kcal/mol). Additional details include the method description, highlighting the use 

of a random forest regression model with 100 decision trees trained on protein–RNA complexes, 

and the feature set comprising distance metrics, amino acid types, hydrogen bonds, and nucleotide 

types. Finally, a score interpretation guide provides an intuitive scale to classify predictions into 

strong, moderate, weak/neutral, or unfavorable binding affinities. In addition, Figures 4-8, 4-9, and 

4-10 show the step-by-step workflow that guides users through the web service.  

 

Figure 4-7. Interface and case study example of the PANTHE Score website. 
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Figure 4-8. Step-by-step guide for submitting a single PDB ID to the PANTHER Score web service. 
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Figure 4-9. Instructions for batch processing multiple PDB IDs (up to 10) using the PANTHER Score 
web service. 
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Figure 4-10. Guide for analyzing user-uploaded protein-RNA complex files. 
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Chapter 5  

 

Multi-State RISoTTo: Context-Aware RNA Sequence Design 
Across Conformational Ensembles 

5.1. Introduction 

RNA design has emerged as a critical discipline in synthetic biology, enabling the development 

of functional RNA molecules for therapeutic applications, biosensors, and gene regulation systems   

[238], [239].The fundamental challenge lies in solving the inverse folding problem: designing RNA 

sequences that fold into desired three-dimensional structures and maintain biological function 

within their native molecular environments. Traditional RNA design approaches have predominantly 

focused on secondary structure prediction, often neglecting tertiary structural constraints and the 

broader molecular context in which RNAs operate. Early methods, such as ViennaRNA [240] and 

thermodynamic optimization approaches [241], while foundational, are limited by their reliance on 

two-dimensional base-pairing patterns and their inability to account for three-dimensional 

geometric constraints or molecular interactions. Physics-based methods like Rosetta's fixed-

backbone redesign protocol [242], [243] represent significant advances in incorporating tertiary 

structure information yet remain computationally expensive and limited in their ability to account 

for dynamic conformational behavior. Recent advances in geometric deep learning have 

revolutionized structure-based RNA design [244]. RISoTTo (RIbonucleic acid Sequence design from 

TerTiary structure) [245] represents a significant advancement in this field, introducing a context-

aware geometric transformer model that conditions sequence prediction on both RNA backbone 

geometry and surrounding molecular partners, including proteins, small molecules, DNA, and ions. 

Building upon the CARBonAra protein design framework [246], RISoTTo demonstrated superior 

performance in native sequence recovery compared to existing methods, achieving 62% average 

recovery on benchmark RNA structures, outperforming Rosetta (45%) and contemporary deep 

learning approaches like RDesign (43%) [247]. This performance advantage is especially evident at 

molecular interfaces, where contextual information is critical for functional RNA design. However, 

RISoTTo operates under the assumption of static structural scaffolds, treating each RNA backbone 

as a fixed geometric entity. However, this approach overlooks a fundamental characteristic of RNA 

molecules: their intrinsic conformational flexibility [248], [249]. Many functional RNAs, including 

riboswitches, ribozymes, and regulatory elements, adopt multiple distinct conformational states to 
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execute their biological roles. Riboswitches, for example, undergo ligand-induced conformational 

transitions between apo and holo states [250], while ribozymes exhibit dynamic folding pathways 

essential for catalytic activity. The importance of multi-state modeling has been demonstrated by 

gRNAde [251], which introduced a multi-state graph neural network architecture capable of 

processing conformational ensembles. By representing multiple backbone conformations as 

geometric multi-graphs and employing conformational state order-invariant pooling through Deep 

Set operations [252], gRNAde showed that explicit ensemble modeling improves sequence recovery 

by 3-5% for structurally flexible RNAs compared to single-state variants. The model demonstrated 

effectiveness particularly for surface nucleotides undergoing positional or secondary structural 

changes across conformational states. However, gRNAde's approach is limited to isolated RNA 

molecules and does not incorporate the contextual molecular information that RISoTTo has shown 

to be crucial for accurate design. Contemporary methods such as RiboDiffusion [253] and RhoDesign 

[254] have explored alternative generative approaches for RNA design, employing diffusion models 

and structure-guided generation respectively. While these methods offer novel perspectives on the 

inverse folding problem, they similarly focus on single-state design scenarios and do not address the 

dual requirements of conformational flexibility and molecular context awareness. This limitation 

presents a significant gap in current RNA design methodologies: while RISoTTo excels at context-

aware design for single conformations and gRNAde addresses multi-state flexibility, no existing 

framework combines both capabilities. Given that functional RNAs in biological systems often 

exhibit conformational flexibility while simultaneously interacting with diverse molecular partners, 

an integrated approach is essential for advancing the field toward biologically relevant design 

scenarios. To address this limitation, we introduce a multi-state extension of the RISoTTo framework 

that preserves its context-aware geometric transformer architecture while incorporating 

conformational ensemble handling. Drawing inspiration from gRNAde's multi-state graph neural 

network approach and ProteinMPNN's multi-backbone protein design strategies [255], our method 

introduces two distinct fusion strategies for multi-state information integration. Feature-level 

fusion enforces conformation-invariant embeddings by averaging geometric features across 

conformational states before sequence prediction, capturing conserved structural motifs essential 

for function. Logit-level fusion independently processes each conformational state through the 

geometric transformer and combines prediction logits, allowing the model to weight individual 

conformations based on their relevance to sequence compatibility. This dual-strategy approach 
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provides both a technical advancement in multi-state RNA design and establishes a foundation for 

context-aware design of conformationally flexible RNA molecules. 

5.2. Materials and Methods 

5.2.1. Overview of RISoTTo Architecture 

RISoTTo (RIbonucleic acid Sequence design from TerTiary structure) [245] implements a 

context-aware geometric transformer operating on atomic point clouds. Each RNA backbone is 

represented using a coarse-grained four-bead model corresponding to atoms P, C4′, O2′, and N1 

(for pyrimidines) or N9 (for purines). This representation captures RNA backbone conformation 

efficiently while maintaining physical interpretability. Surrounding non-RNA atoms, including those 

from proteins, DNA, small molecules, and ions, are included to provide contextual cues essential for 

accurate sequence prediction. Atomic element types are one-hot encoded and projected into a 64-

dimensional scalar feature space using a three-layer perceptron. These features are processed 

through 20 geometric transformer (GT) layers, each performing message passing among 

progressively expanding neighborhoods (8, 16, 32, and 64 nearest neighbors). Each GT layer updates 

scalar and vector features using rotation-equivariant attention operations features using rotation-

equivariant attention operations as shown in equation 5-1 [245].   

         𝑞𝑖
𝑙+1, 𝑝𝑖

𝑙+1 = GT(𝑞𝑖
𝑙, 𝑝𝑖

𝑙, {𝑞𝑗
𝑙 , 𝑝𝑗

𝑙 , 𝐷𝑖𝑗 , 𝑅𝑖𝑗}𝑗∈nn(𝑖))                                       (5.1) 

 

where 𝐷𝑖𝑗 denotes the Euclidean distance and 𝑅𝑖𝑗 the normalized displacement vector between 

atoms 𝑖 and 𝑗 . SE(3)-equivariance is preserved throughout by maintaining vector attention 

consistency across rotations. 

Following geometric encoding, residue pooling aggregates atomic embedding into nucleotide-level 

representations via a four-headed self-attention mechanism. The pooled embeddings are decoded 

through a multilayer perceptron (MLP) into position weight matrices (PWMs), which define per-

nucleotide probability distributions over A, U, G, and C. The overall architecture is illustrated in 

Figure 5-1. 
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Figure 5-1. Overview of RISoTTo workflow for context-aware RNA design. The RNA backbone is 
described using a 4-bead coarse-grained representation, capturing the coordinates of four atoms 
per nucleotide: P, C4’, O2’, and either N1 (for pyrimidines) or N9 (for purines). The model comprises 
20 layers of geometric transformers with residual connections, progressively expanding the 
neighborhood size from 8 to 64 nearest neighbors. Structural information is aggregated into a 
residue-level representation through transformer-based geometric pooling. The residue-level 
representations are aggregated and finally passed through a multilayer perceptron (MLP) to 
generate the final position weight matrix (PWM) [238] 

 

5.2.2. Multi-State Dataset Preparation 

5.2.2.1 Base RISoTTo Dataset 

The dataset of RISoTTo comprises RNA-containing tertiary structures from the Protein Data 

Bank (PDB)[256], and predicted structures generated by trRosettaRNA [257]. The dataset includes 

standalone RNAs, RNA–protein complexes, and RNA–DNA hybrids, totaling approximately 14,000 

RNA subunits for training, 693 for validation, and 379 for testing. For RNAs unavailable in legacy PDB 

format, structures were retrieved from the RNASolo database [258]. Dataset splitting followed the 

protocol described by Joshi et al. [251], ensuring structural dissimilarity between sets via TM-score 

thresholds computed with US-align [259], a universal alignment tool that compares 3D structures 
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of nucleic acids and proteins. Structures with TM-score ≥ 0.45 between training and test sets were 

excluded to prevent data leakage and overestimation of generalization. 

5.2.3 Construction of Multi-State Ensembles 

To adapt the RISoTTo dataset for multi-state modeling, we adopted a protocol analogous to 

that used in gRNAde [251], ensuring consistency in structural diversity and non-redundancy across 

conformational ensembles. First, all RNA-containing chains from the combined PDB and 

trRosettaRNA sources were clustered by sequence identity using CD-HIT [260] at a threshold of 

≥99%, grouping conformers sharing identical primary sequences into putative structural ensembles. 

Each cluster thus represents multiple experimentally resolved or predicted conformations of the 

same RNA sequence, including apo/holo riboswitch pairs and catalytic ribozyme intermediates. 

Within each cluster, conformers were aligned in all-versus-all mode using US-align [259], and the 

resulting pairwise TM-score matrix was used to quantify structural heterogeneity. Ensemble 

diversity was defined by the median intra-cluster TM-score, and highly redundant ensembles (mean 

TM > 0.9) were down-sampled to avoid overrepresentation of rigid RNAs. Conversely, clusters with 

TM < 0.45 were excluded to ensure sufficient structural correspondence between conformers for 

learning meaningful geometric correlations. Following alignment, each RNA ensemble was assigned 

to the train, validation, or test partitions using structure-level clustering, ensuring no overlapping 

folds occurred between dataset splits. Specifically, ensembles sharing any conformer with TM-score 

≥ 0.45 to a member of another partition were excluded from that set, preventing structural leakage 

and overestimation of generalization. The final dataset preserved the proportional split of RISoTTo 

(approximately 14,000 training, 693 validation, and 379 test subunits), while guaranteeing that no 

conformational variants or near-duplicate backbones occurred across partitions. To maintain 

computational feasibility, complexes with >12,288 atoms or incomplete RNA segments (<20 

nucleotides) were removed, and only structures resolved at ≤4.0 Å were retained. This pipeline, 

adapted from gRNAde [251], thus produced a curated and conformationally diverse dataset suitable 

for evaluating ensemble-aware RNA design models while maintaining full compatibility with the 

RISoTTo architecture and data handling framework.  

5.2.4. Multi-State Architectural and theoretical foundations  

The central contribution of this work is the extension of RISoTTo [245], to process 

conformational ensembles rather than single backbones. We developed and compared two 
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complementary fusion strategies: feature-level fusion, logit-level fusion and Independent Conformer 

Processing with Deep Set Pooling [252], which is shown in figure 5-2. 

 

Figure 5-2. Multi-state RNA sequence prediction, with independent conformer processing and 
deep-Set pooling method. 

5.2.4.1. Feature-Level Fusion 

Feature-level fusion [255], integrates conformational information early in the network, 

before sequence decoding. Each conformer 𝐶𝑖 is first passed independently through RISoTTo’s 

embedding and geometric transformer layers to produce scalar and vector features 𝐹𝑖, describing 

the atomic geometry of that state as is in equation 5.2 [246].  

                                                 𝐹𝑖 = GT(𝐶𝑖)                              (5.2) 

These per-conformer features are then averaged across the ensemble to obtain a single 

conformation-invariant representation (equation 5.3).  

       𝐹fused =
1

𝐾
∑ 𝐹𝑖

𝐾
𝑖=1                                                                (5.3) 

This arithmetic mean pooling enforces invariance to the ordering of conformers and emphasizes 

geometric features that remain consistent across all states, such as conserved helices or tertiary 
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contacts. The fused representation 𝐹fused is subsequently passed through the standard RISoTTo 

residue-pooling and decoding layers to output one position-weight matrix (PWM) per RNA 

sequence. While conceptually simple, this approach mixes features that may not be perfectly 

aligned across conformers. When local neighborhoods differ strongly in topology (for example, 

flexible loops shifting between states), arithmetic averaging can blur informative structural signals, 

introducing noise into the embedding and slightly reducing recovery accuracy. 

5.2.4.2 Logit-Level Fusion 

Logit-level fusion instead combines information late in the network, after each conformer has 

been fully processed and decoded. Each conformer 𝐶𝑖  is independently passed through the 

complete RISoTTo pipeline to produce per-residue logits 𝐿𝑖 , which encode the unnormalized 

probability scores for each nucleotide (A, U, G, C) at each position. To obtain a single ensemble-level 

prediction, these logits are then merged across conformers using one of two pooling function 

(equations 2.4 & 2.5). 

• Arithmetic Mean Pooling 

This simple averaging assumes that all conformers contribute equally to the overall design and 

smooths out minor structural differences (equation 5.4) [255]. 

      𝐿𝑓𝑢𝑠𝑒𝑑 =
1

𝑘
∑ 𝐿𝑖

𝑘
𝑖=1                                                                 (5.4) 

• Log-Sum-Exp Pooling 

This function is a smooth approximation of the maximum, giving proportionally higher weight to 

conformers with stronger (more confident) nucleotide predictions. In statistical physics terms, it 

behaves similarly to a Boltzmann-weighted average, where conformers with lower “energy” 

(higher model confidence) dominate the ensemble contribution (equation 5.5) [255]. 

𝐿fused = lo g(∑ ex p(𝐿𝑖)𝑘
𝑖=1 )                                                (5.5) 

Compared to feature-level fusion, logit-level fusion preserves each conformer’s full geometric 

processing path and only combines predictions at the final decision stage. This strategy therefore 

retains conformer-specific nuances while still producing a single consensus sequence distribution. 

Both fusion schemes were implemented with minimal changes to RISoTTo’s core pipeline and share 

the same training configuration and loss functions. 



 

122 
 

5.2.4.3. Independent Conformer Processing with Deep Set Pooling 

While both feature-level and logit-level fusion provide mechanisms to integrate 

conformational information, they represent two extremes in the fusion hierarchy early and late 

aggregation. To balance information preservation and ensemble invariance, we implemented a 

third strategy, Independent Conformer Processing with Deep Set Pooling (ICDP–DSP), which treats 

each conformer as an independent observation processed through the full RISoTTo encoder before 

performing a mathematically defined, permutation-invariant aggregation. In this configuration, 

every conformer 𝐶𝑖 in the ensemble is processed separately through all geometric transformer 

layers to obtain residue-level scalar and vector embeddings (𝑞𝑎
(𝑖)

, 𝑝𝑎
(𝑖)

) for each nucleotide position 

𝑎 . Let 𝐾 denote the number of conformers in the ensemble. The Deep-Set pooling operation 

aggregates these representations across conformers using arithmetic mean pooling (equation 5.6) 

[252]. 

      (𝑞𝑎, 𝑝𝑎)fused =
1

𝐾
∑ (𝑞𝑎

(𝑖)
, 𝑝𝑎

(𝑖)
)𝐾

𝑖=1                                                            (5.6) 

This operation enforces permutation invariance with respect to the order of conformers in 

the ensemble, a key theoretical requirement of Deep-Set formulations [14]. The fused 

representation (𝑞𝑎, 𝑝𝑎)fused is then passed through RISoTTo’s standard residue-pooling and 

decoding layers to produce the nucleotide probability distribution 𝑃(𝑎 ∣ ensemble). In contrast to 

feature-level fusion (Eq. 2–3), which mixes embeddings before they are contextually stabilized, and 

logit-level fusion (Eq. 4–5), which merges predictions post-decoding, ICDP–DSP performs 

aggregation at the intermediate representation level, after complete conformer encoding but 

before decoding. This allows each conformer’s geometry to be fully interpreted by the network, 

preserving conformer-specific details while still enforcing ensemble consistency. Conceptually, the 

mean operation in equation 5.7 [261] acts as a statistical ensemble average, analogous to computing 

an expectation value over structural states. 

𝐸𝐶[(𝑞𝑎, 𝑝𝑎)] = ∫ (𝑞𝑎, 𝑝𝑎)
𝐶

 𝑝(𝐶) 𝑑𝐶 ≈
1

𝐾
∑ (𝑞𝑎

(𝑖)
, 𝑝𝑎

(𝑖)
)𝐾

𝑖=1                             (5.7) 

where 𝑝(𝐶) denotes the empirical distribution of conformers in the dataset. This 

probabilistic view links the Deep-Set aggregation to a Boltzmann-like ensemble average over 

conformations. Practically, the ICDP–DSP approach introduces minimal additional computation and 

retains compatibility with the RISoTTo training pipeline. It was ultimately selected as the primary 
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multi-state configuration due to its stable optimization behavior, interpretability, and superior 

recovery consistency across flexible RNA families.  This design philosophy draws from recent 

advances in set-based neural representations, multi-state graph modeling in gRNAde [251] and 

multi-backbone protein design approaches such as ProteinMPNN [255]. By combining independent 

geometric encoding with permutation-invariant aggregation, the model captures ensemble-level 

sequence constraints while remaining grounded in the context-aware transformer architecture 

introduced in CARBonAra [246]and RISoTTo[245]. 

5.2.5 Training Configuration and Evaluation Protocol 

All models were implemented in PyTorch [262], and trained on NVIDIA A100 GPUs (80 GB) 

[263]. Training hyperparameters matched the single-state configuration: 

• Optimizer: Adam [264],  

• Learning rate [265]: 1×10⁻⁴, 

• Gradient clipping [265]: 1.0, 

• Scheduler: ReduceLROnPlateau [266] (patience = 5 epochs), 

• Loss: Binary cross-entropy (BCE) [267] with nucleotide class weighting. 

Atomic coordinates were centered, and Gaussian noise [268] (σ = 0.1 Å) was added during training 

to improve robustness to crystallographic perturbations. Training excluded complexes exceeding 

memory thresholds or incomplete RNAs (<10 nucleotides). 

5.3.  Results and Discussion 

5.3.1 Overview of Model Evaluation 

To evaluate the performance of the multi-state RISoTTo framework, we focused on the 

Independent Conformer Processing with Deep Set Pooling strategy, which demonstrated the most 

consistent and biologically meaningful results among all tested configurations. This variant 

preserves the original RISoTTo geometric transformer pipeline for each conformer while introducing 

a permutation-invariant aggregation mechanism inspired by Deep-Sets [252]. Each conformer is 

processed independently through all transformer layers and the decoding head, producing atomic- 

and residue-level embeddings (𝑞𝑎
𝑖 , 𝑝𝑎

𝑖 ). These embeddings are then fused via arithmetic mean 

pooling across conformers as shown in equation 5.8. 
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(𝑞𝑎, 𝑝𝑎)𝑓𝑢𝑠𝑒𝑑 =
1

𝑘
∑ (𝑞𝑎𝑖

, 𝑝𝑎𝑖
)𝑘

𝑖=1                                                (5.8) 

This operation enforces ensemble invariance, meaning that the fused representation does 

not depend on the order of conformers in the input cluster, aligning with the theoretical guarantees 

of Deep Sets. Importantly, because each conformer is processed independently, local geometric 

variations are preserved within each state before aggregation, avoiding the distortion that occurs in 

direct feature averaging methods. The model achieved a mean sequence recovery accuracy of 57.3% 

± 0.02 across the test set, with a median recovery of 58.3%. These results confirm that the multi-

state framework maintains the high predictive quality of the original context-aware architecture 

while extending its applicability to conformationally flexible RNA molecules. The consistent recovery 

values demonstrate that integrating ensemble information preserves model accuracy and 

generalization, providing a robust foundation for context-aware design across structural ensembles. 

A detailed breakdown of recovery rates across molecular categories is provided in Table 5-1. 

Table 5-1. Mean native sequence recovery across RNA complex types for multi-state RISoTTo with 

Deep Set pooling. 

RNA Type Number of Complexes Mean Recovery (%) Std. Dev. 

Standalone RNA 94 58.9 2.4 

RNA-Protein Complexes 152 57.1 2.1 

RNA-DNA Hybrids 48 56.7 1.9 

RNA-Small Molecule Complexes 85 56.5 2.7 

Overall Mean 379 57.3 ±0.02 

 

5.3.2 Riboswitch benchmark  

Riboswitches represent the most stringent test for ensemble-based design due to their 

ligand-induced conformational switching. To specifically evaluate the model’s ability to capture such 

flexibility, we extracted a subset of 162 riboswitch sequences from the Ribocentre database [269], 

containing paired apo and holo structures. For this benchmark, each riboswitch pair was processed 

as a two-conformer ensemble, and recovery was measured separately for both states as well as for 

the fused ensemble prediction. The ensemble-predicted sequences achieved an average recovery 

rate of 42.1% ± 0.03, compared to 40.0% and 38.7% for apo-only and holo-only predictions, 
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respectively. This result indicates that the ensemble model learns a shared sequence signature 

consistent with both conformational states. 

5.3.3 Biological Interpretation 

The performance of the Deep-Set-based ensemble fusion highlights a fundamental principle 

of RNA design: sequence constraints are ensemble-defined rather than conformation-specific. In 

biological systems, RNAs fluctuate between multiple substates, but their functional elements, base-

pair stems, conserved tertiary contacts, and active-site motifs, remain stable across conformations. 

By averaging embeddings across conformers, the model effectively identifies these invariant 

features and encodes them into the predicted sequence distribution. The multi-state RISoTTo can 

thus be viewed as approximating a Boltzmann-weighted sequence optimization, where conformers 

contribute to the prediction proportionally to their frequency or stability. This concept is consistent 

with experimental observations indicating that functional RNAs exist as dynamic ensembles 

governed by thermodynamic equilibria [270]. In this context, Deep- Set pooling functions act as a 

statistical integrator merging state-specific constraints into a thermodynamically averaged design. 

5.3.4 Error Analysis 

Error inspection revealed that the most frequent sequence mismatches occurred in loop regions 

with large positional variability (>4 Å RMSD across conformers). In such cases, the mean aggregation 

may suppress state-specific interactions, leading to less accurate predictions. Additionally, missing 

residues in some PDB entries required masking during training, which occasionally disrupted 

message-passing continuity. To mitigate these issues, future implementations could incorporate 

mask-aware attention mechanisms or quality-weighted pooling, where conformers with better 

completeness and compactness contribute more strongly to the ensemble representation. These 

mechanisms could build upon the consensus-topology approach introduced in preliminary 

experiments. 

5.4. Conclusion 

This work demonstrates that independent conformer processing, combined with Deep Set 

aggregation, provides an effective framework for ensemble-aware RNA design. By preserving the 

local geometric integrity of each conformer and fusing learned representations in a permutation-

invariant manner, the model captures the essential statistical features of RNA conformational 

ensembles. The resulting multi-state RISoTTo architecture enables context-aware RNA sequence 
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design that accounts for flexibility, offering a foundation for applications in riboswitch engineering, 

ribozyme design, and protein-RNA interface optimization. 

The Multi-State RISoTTo framework is particularly suited for practical RNA design scenarios 

where function depends on structural adaptability, such as aptamers and riboswitches, which often 

operate through conformational switching upon ligand or protein binding. By explicitly accounting 

for multiple conformational states during sequence optimization, the method enables the design of 

RNA sequences that preserve functionality across structurally distinct ensembles, rather than 

stabilizing a single minimum-energy conformation. This is especially relevant for systems where 

binding-competent and inactive states coexist in equilibrium. However, multi-state design 

introduces important considerations for downstream experimental validation: sequences optimized 

to balance multiple states may exhibit reduced stability of individual conformations, altered folding 

kinetics, or population shifts that depend sensitively on environmental conditions (e.g., ion 

concentration, temperature, or binding partner availability). As a result, experimental validation 

may require ensemble-sensitive techniques (such as SHAPE probing or single-molecule assays) 

rather than single-structure characterization. Despite these challenges, multi-state design provides 

a more realistic representation of RNA behavior in biological contexts and can improve the success 

rate of functional RNA engineering when conformational plasticity is essential. 
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Chapter 6  

Conclusion 
  

In this thesis, we have explored the development and validation of the PANTHER scoring 

function, a novel computational framework designed to predict protein-RNA binding affinities. This 

research began by the identification of the limitations in existing experimental and computational 

methods for determining binding affinities, thereby highlighting the need for more accurate, 

accessible, and biologically relevant prediction tools. 

Chapter 3 detailed the development of the PANTHER methodology, which integrates 

machine learning (ML) models with molecular dynamics (MD) simulations to predict local 

interaction energies between amino acids and nucleotide bases. By leveraging a local-to-global 

approach, the PANTHER score aggregates these local energies to estimate the overall binding 

affinity of protein-RNA complexes. The validation of this approach demonstrated a strong 

correlation between the MD-derived local-to-global scores and experimental ΔG values, confirming 

the reliability and the predictive accuracy of the fragmental methodology. 

In Chapter 4, we extended the PANTHER framework by developing a web-based service, 

thereby making the predictive capability freely accessible to the broader scientific community. The 

service architecture implements a streamlined computational pipeline that accepts PDB identifiers 

or custom structural files, automatically extracts interaction features, predicts local amino acid-

nucleotide energies using pre-trained ML models, and integrates these predictions to generate 

global PANTHER scores. This democratization of access enables researchers without computational 

expertise to perform sophisticated analyses, thereby accelerating experimental discovery and 

translational applications. After developing a robust scoring function to understand which RNA 

strand can be energetically favorable for binding to a protein structure of interest, the next step was 

to create dedicated software to design stable RNA structure. 

The applicability domain of PANTHER is focused on structured protein–RNA complexes for 

which reliable atomic models are available. The method is particularly suitable for systems where 

binding is governed by stable, persistent intermolecular interactions, as these are effectively 

captured through the MD-derived energy features used for training. A key strength of the approach 

is its integration of physics-based interaction energies with machine-learning models, enabling 

generalization across diverse protein–RNA interfaces. Its robustness is further supported by 
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validation on both an independent test set and a larger external stress set comprising 110 complexes 

not used during training. 

However, the method also has limitations. It relies on MD sampling from a single trajectory 

per system, which may not fully capture rare or transient conformational states. The approach 

assumes that persistent interactions dominate binding, making it less accurate for highly dynamic 

or transient interfaces. Performance may also decline for systems outside the training distribution, 

such as complexes with substantial disorder, non-canonical nucleic acids or modified residues 

absent from the training data, or cases involving large conformational rearrangements upon 

binding. 

 Chapter 5 introduced the Multi-State RISoTTo extension, addressing the challenge of RNA 

sequence design under conformational flexibility. By incorporating deep learning using geometry of 

the system and multi-conformer fusion strategies, this extension enhances the context-aware 

design of RNA molecules, ensuring that they maintain functionality across multiple conformational 

states. The integration of binding affinity prediction with sequence design applications creates a 

comprehensive toolkit for protein-RNA interaction engineering, enabling systematic validation and 

iterative optimization of both binding affinity and conformational compatibility. 

 The contributions of this thesis advance the field of computational structural biology by 

providing accurate, accessible, and biologically relevant prediction tools. The PANTHER scoring 

function, with its superior performance over existing methods, demonstrates that machine learning 

models trained on high-quality MD-derived data can capture the complex, non-linear relationships 

underlying protein-RNA recognition. The development of the PANTHER web service ensures broad 

community access, while the Multi-State RISoTTo extension establishes a foundation for biologically 

relevant RNA design scenarios. 

 In conclusion, this integrated approach not only supports the development of RNA 

therapeutics but also provides mechanistic insights into the structural and energetic determinants 

of binding specificity. Future directions include expanding the PANTHER training dataset, exploring 

deep learning architectures for local energy prediction, and integrating explicit solvent effects and 

conformational dynamics. The demonstrated success of combining physics-based molecular 

simulations with machine learning prediction establishes a powerful paradigm for addressing 

complex problems in structural biology, paving the way for future advances in understanding and 

engineering biomolecular interactions. 
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