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Abstract


Two-dimensional ultraviolet (2DUV) spectroscopy is an emerging spectroscopic technique that offers high resolution and detailed insights into protein structures. However, traditional theoretical calculations of 2DUV spectra for proteins are computationally expensive due to their complex and flexible structures. In this study, we developed a machine learning (ML)-based approach for the rapid and accurate prediction of protein 2DUV spectra. The results demonstrate that, compared to traditional one-dimensional ultraviolet (1DUV) spectroscopy, 2DUV spectroscopy provides higher resolution structural characterization and effectively monitors dynamic processes such as mutations, aggregation, and protein folding. This approach not only offers a cost-effective ML-based solution for predicting 2DUV spectra but also serves as a powerful tool for studying protein structures and dynamics, with potential applications in understanding mechanisms and regulating functions.
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1. Introduction


Proteins are the foundation of life, and their structures are closely related to complex biological functions, disease mechanisms, and drug development [1,2]. Therefore, probing protein structures and tracking their dynamic evolution is crucial for understanding underlying mechanisms and manipulating protein functions [3,4]. Spectroscopic techniques offer unique advantages in investigating protein structures [5,6], and traditional one-dimensional (1D) spectroscopy methods have been widely employed for protein structure determination. X-ray diffraction (XRD) and nuclear magnetic resonance (NMR) provide high-resolution three-dimensional structural information [7,8,9,10]. However, XRD requires crystalline samples and is insensitive to planar defects [11], while NMR often requires dissolved samples and is time consuming, costly, and complex [12]. Consequently, XRD and NMR are unsuitable for proteins such as amyloid fibrils that neither crystallize nor dissolve. Vibrational spectroscopy, including infrared and Raman spectroscopy, is effective for probing protein structures based on localized chemical groups, but it fails to detect non-active vibrational modes and lacks the ability to provide global structural information [13]. One-dimensional far-ultraviolet absorption (1DUV) spectroscopy, derived from electronic excitations of peptide backbones under environmental fluctuations, can provide global structural information and monitor dynamic processes [14,15]. However, 1D spectroscopy often suffers from signal congestion, limiting its ability to detect subtle structural changes and monitor dynamic evolution [16,17].



In contrast, two-dimensional (2D) spectroscopy introduces a second spectral dimension to resolve overlapping bands, allowing the characterization of interactions or correlations and tracing subtle intensity changes. Therefore, 2D spectroscopy provides higher resolution and more comprehensive information for studying proteins in biological systems. It has been demonstrated that 2D infrared and Raman spectroscopy have been successfully applied to capture structural changes in proteins [18,19,20]. Given its success in vibrational spectroscopy, extending 2D spectroscopy to electronic spectroscopy in the ultraviolet (UV) region is both reasonable and promising [20,21,22]. Two-dimensional ultraviolet absorption (2DUV) spectroscopy provides rich intra- and intermolecular interaction information and is well suited for analyzing global structural features due to its involvement of electronic excitations and coupling under environmental fluctuations [23,24]. Thus, 2DUV spectroscopy holds great potential as a powerful platform for probing subtle protein structures and dynamic processes [25,26,27,28,29].



Despite the promising potential of 2DUV spectroscopy in biological systems, its simulation requires large-scale quantum chemical calculations to model electronic structures and excited states of highly flexible structures and vast conformational spaces, exceeding the capabilities of current computational resources [30,31]. With the rapid advancement of artificial intelligence, machine learning (ML) has been widely applied in chemistry, transitioning from theoretical studies to practical applications in areas such as spectral simulation [32,33], drug development [34,35], catalysis [36,37], and energy prediction [38]. In our previous studies, ML was successfully employed to predict various 1D spectroscopies, including UV, circular dichroism, and infrared spectra [39,40,41]. These studies demonstrated that ML techniques can generate cost-effective and accurate spectral predictions by capturing complex correlations between protein structures and spectral features, thereby advancing research into protein structure and function.



In this study, we developed an ML protocol to predict the 2DUV spectra of proteins and investigated its applications in probing protein structures and monitoring dynamics. The results demonstrate that, compared to traditional 1DUV spectroscopy, 2DUV spectroscopy provides richer and more precise structural information. It can be used to identify secondary and quaternary structures and effectively track dynamic processes such as mutations, aggregation, and folding. Our study not only establishes a rapid ML-based framework for predicting 2DUV spectra but also introduces a novel approach for identifying subtle protein structures and monitoring their dynamic evolution. Therefore, 2DUV spectroscopy holds significant potential for unraveling underlying mechanisms and manipulating protein functions.




2. Materials and Methods


A divide-and-conquer strategy combined with ML methods was employed to predict the 2DUV spectra of proteins. Proteins are composed of peptide backbones and side-chain amino acid residues, with the 2DUV spectra primarily deriving from two electronic excitations of the peptide backbones: the n→π* transition at approximately 220 nm and the π→π* transition at approximately 190 nm [42]. These electronic excitations are influenced not only by the intrinsic properties of isolated peptide bonds but also by the surrounding environment fluctuations (amino acid residues). To describe the electronic excitations in proteins, the Frenkel exciton model combined with a dipole approximation was adopted [43,44,45,46]. This model represents the protein’s electronic structure using a Hamiltonian that captures both the excitation energy of peptide bonds and their interactions:
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Here, m and n represent peptide bonds, while a and b correspond to the n→π* or π→π* transitions of the peptide backbones. The Hamiltonian matrix consists of diagonal and off-diagonal elements, where the diagonal term (εma) represents the excitation energy of peptide bond m for transition a under environmental fluctuations, while the off-diagonal term (Jma,nb) describes the resonant coupling between the excited states of peptide bonds m and n.       B  ^    m a   †     and         B  ^    m a     are the creation and annihilation operators for electronic transitions between the ground and excited states of the peptide bonds, respectively.



Under this model, the diagonal term εma captures the excitation energy of peptide bonds influenced by their molecular environment, while the off-diagonal term Jma,nb describes the coupling between excited states, which governs energy transfer across the protein structure. The excitation energy εma can be expressed as the sum of the intrinsic excitation energy of an isolated peptide ε0,ma and contributions from the electrostatic interactions with surrounding amino acid residues:
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In this equation, μT,ma and μG,l represent the transition dipole moment of peptide bond m and the ground-state dipole moment of amino acid residue l, respectively, and rml is the distance vector between peptide bond m and residue l. The environmental electrostatic interactions are modeled using dipole interactions, which describe the influence of surrounding residues on the excitation energy of peptide bonds. Similarly, the resonant coupling term Jma,nb is defined as transition dipole interactions between peptide bonds m and n:
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Here, rmn is the distance vector between peptides m and n. The transition dipole moments μT of peptides include both electric dipole moments μTE and magnetic dipole moments μTM, with their interplay being crucial for calculating rotatory strength (R = |μTM|·|μTE|·cosθ).



The computational workflow for predicting 2DUV spectra is illustrated in Figure 1. To calculate the 2DUV spectra of proteins, we can employ a divide-and-conquer strategy to decompose proteins into peptide bonds and residues and simulate the excitation energies ε0 and the transition dipole moments μT (including μTE and μTM) of the peptides as well as the ground-state dipole moments μG of the residues. By integrating ε0, μT, μG, and the corresponding structural information, the exciton Hamiltonian of protein can be constructed using Equations (1)–(3). The 1DUV and 2DUV spectra in the far-UV range (approximately 175–240 nm) can be obtained by diagonalizing the Hamiltonian matrix using the SPECTRON 2.8 program [47].



However, obtaining the parameters ε0, μT, and μG for proteins typically requires computationally expensive theoretical calculations due to their large, flexible molecular structures and vast conformational spaces. Here, a fast and accurate ML approach was employed to predict ε0, μT, and μG, as detailed in our prior works [39,40,48]. In the ML training process, a total of 1000 structurally diverse protein structures were first obtained from the RCSB Protein Data Bank (PDB) [49], encompassing a wide range of protein types, including fibrous proteins, globular proteins, keratin, collagen, chaperones, myoglobin, hemoglobin, and denatured proteins, to ensure broad representation and data diversity for machine learning. The 1000 proteins were subsequently decomposed into peptide bonds and amino acid residues, resulting in 50,000 peptide bonds and 200,000 amino acid residues (representing 20 types of residues with 10,000 structures for each type) that were randomly selected for analysis. The PDB IDs of the 1000 proteins are provided in Table S1. Note that although this dataset captures broad coverage of protein structural classes, it represents only a small fraction of the vast protein universe, which is estimated to include millions of proteins according to databases such as UniProt and the RCSB Protein Data Bank.



Afterwards, the divided peptide bonds and residues were converted into molecular descriptors and served as ML inputs for predicting ε0 and μT of peptides and μG of residues. The molecular descriptors for ε0, μT, and μG were internal coordinates, embedded densities, and converted Cartesian coordinates, respectively. For the ML training reference outputs, density functional theory and time-dependent density functional theory (DFT/TDDFT) calculations were employed: ε0 and μT of peptides were computed at the PBE0/cc-pVDZ level, and μG of residues was computed at the B3LYP/6-311++G** level. The ML training utilized a deep neural network protocol featuring three hidden layers with 32, 64, and 128 neurons, respectively, along with L2 regularization, for the prediction of ε0 for peptides and μG for residues. Embedded atomic neural networks (EANNs), incorporating atom-wise embedded density descriptors, were employed for the prediction of μT of peptides with two hidden layers with 30 neurons each. The final optimal ML training models demonstrated high Pearson correlation coefficients (r) and low mean relative errors (MRE), achieving r > 0.95 and MRE < 1.5% for both ε0 and μT of peptides, as well as r > 0.98 and MRE < 10% for μG of 20 residues, with the majority of residues exhibiting MRE < 5%. Further details regarding DFT/TDDFT calculations and ML training procedures are available in our previous studies and in the Supplementary Materials.




3. Result and Discussions


3.1. Comparison with Traditional 1DUV Spectroscopy


Traditional 1DUV spectroscopy has been widely utilized for identifying protein structures and can be extended to 2DUV spectroscopy. To evaluate the advantages of 2DUV spectroscopy, we first calculated and analyzed the 1DUV spectra of proteins in the far-UV region. Protein secondary structures, such as α-helices, β-sheets, and random coils, are essential components of protein architecture. Accurate identification of these structures not only provides insight into the backbone organization but also facilitates the design of proteins with specific functional modifications [50,51]. As shown in Figure 2a, distinct secondary structures exhibit unique absorption characteristics in the 1DUV spectra. The α-helix displays two strong absorption peaks in the range of 44,000 cm−1 to 46,000 cm−1, along with a weaker secondary peak at approximately 51,800 cm−1 in the higher frequency region. The overall peak shape is highly regular, reflecting the highly ordered structure of α-helix. The β-sheet exhibits a primary absorption peak near 45,800 cm−1, accompanied by a noticeable shoulder, and a broader secondary peak spanning 50,000 cm−1 to 52,000 cm−1. The spectrum exhibits a wider signal distribution compared to the α-helix. The random coil shows a major absorption peak at around 46,000 cm−1, with weaker secondary peaks at approximately 50,000 cm−1 and 52,000 cm−1, which are related to their disordered and flexible nature. These results demonstrate that 1DUV spectroscopy can identify major secondary structures, offering preliminary insights into protein organization and conformation.



The quaternary structure of proteins, which involves the assembly and interaction of multiple subunits, contributes to their specific biological functions, making its study essential for understanding functional mechanisms. Fibrous and globular proteins are abundant in biological systems, with fibrous proteins typically providing structural support and globular proteins performing biochemical functions such as catalysis and signal transduction [52]. We analyzed the 1DUV spectra of four representative fibrous and globular protein fragments: two tightly coiled α-helices (2d3e), short α-helix segments (1hbg), twisted β-sheets (3l1e), and an α-helix/β-sheet combination (2gb1).



As shown in Figure 2b, the 1DUV spectral characteristics of these structures are as follows: The tightly coiled α-helices exhibit a strong primary absorption peak in the range of 44,000 cm−1 to 46,000 cm−1, consistent with typical α-helical features, along with a weaker peak around 51,800 cm−1. The signals are strong and clear, although slight irregularities in peak shape arise due to the two-coiled structure. The short-helix segments show a primary absorption peak at 45,000 cm−1 and a secondary peak at 45,800 cm−1, along with a weak peak near 51,800 cm−1 in the higher frequency region. The signal intensity is less regular compared to the long helices, possibly due to reduced structural regularity. The twisted β-sheets exhibit a primary absorption peak at around 45,000 cm−1, a secondary peak at around 45,800 cm−1, and a broad weak peak in the 50,000 cm−1 to 52,000 cm−1 range. These features are consistent with typical β-sheet spectra, but the dispersed and irregular peak shapes reflect conformational variations caused by twisting. The α-helix/β-sheet combination reveals mixed spectral features, with a primary peak at 45,200 cm−1 corresponding to the α-helix, a secondary peak at 51,800 cm−1 associated with the β-sheet, and a weak peak at 48,200 cm−1, indicating the combined contributions of α-helix and β-sheet structures.



Although 1DUV spectroscopy can provide fundamental structural information of proteins, its resolution and sensitivity are limited in probing complex or subtle structural changes, tracking dynamic evolution, and resolving signal overlap. In contrast, 2DUV spectroscopy spreads the spectra into a two-dimensional space, which will not only provide richer and more detailed structural information but also enables the investigation of intermolecular interactions and dynamic processes of proteins due to its high temporal and spatial resolution. Therefore, its investigation is significant and promising.




3.2. Identify the Secondary and Quaternary Structures of Proteins


To evaluate the potential of 2DUV spectroscopy in characterizing protein structures, we calculated the 2DUV spectra of the same secondary and quaternary structures. As shown in Figure 3a, the 2DUV spectra of different secondary structures exhibit pronounced differences. The α-helix features a prominent positive diagonal peak (red) at approximately 51,500 cm−1, accompanied by two negative sidebands (blue), reflecting a highly symmetric spectral signature. In contrast, the β-sheet shows a relatively broader primary peak in the range of 50,500 cm−1 to 51,500 cm−1, along with an additional weaker positive diagonal peak (yellow) near 52,000 cm−1. The number of negative sidebands increases from two to four, indicating a lower degree of symmetry compared to the α-helix. The random coil exhibits a narrow positive diagonal peak around 52,000 cm−1, alongside a weaker positive peak near 50,000 cm−1. The number of negative sidebands increases to six, resulting in a more complex and asymmetric spectral signature. These results highlight the highly ordered nature of α-helices, reflected in their symmetric and simple spectral features, while β-sheets display relatively broader positive peaks and exhibit moderate spectral complexity. In contrast, the disordered structure of random coils results in significantly more complex spectra, characterized by multiple narrow positive diagonal peaks and numerous negative sidebands.



Figure 3b presents the 2DUV spectra of four representative quaternary structures. Tightly coiled α-helices show a strong positive diagonal peak (red) in the range of 51,300 cm−1 to 52,000 cm−1, accompanied by two negative sidebands (blue), consistent with the high symmetry characteristic of the tightly coiled structure. Short α-helix segments exhibit a red peak between 51,000 cm−1 and 52,000 cm−1, with slightly reduced symmetry. The negative sidebands in this structure appear more complex, likely due to the irregular distribution of short helical fragments. The twisted β-sheet shows a broader prominent positive diagonal peak (red) in the range of 50,600 cm−1 to 52,000 cm−1, along with weaker positive peaks (green) near 53,000 cm−1 and 48,000 cm−1. This structure features an increased number of negative sidebands, reflecting greater spectral complexity caused by structural distortion. The α-helix/β-sheet composite structure exhibits the most complex spectral features. Random coils serve as connectors between the α-helices and β-sheets, and the resulting spectrum reflects contributions from all three secondary structures. The spectrum includes a prominent positive diagonal peak (red) between 51,100 cm−1 and 52,000 cm−1, with a spectral distribution range broader than some asymmetric α-helices but narrower than typical β-sheets. This is likely due to the combined contributions of α-helices and β-sheets. Additionally, a weaker positive peak around 48,000 cm−1 is observed, likely originating from the random coil. The coexistence of multiple secondary structures contributes to the increased spectral complexity. Notably, the positive diagonal peak in the range of 51,100 cm−1 to 52,000 cm−1 is broader and slightly shifted compared to spectra dominated by random coils, allowing differentiation between these structures.



Therefore, 2DUV spectroscopy provides a novel approach for characterizing protein structures. It enables clear distinction of secondary structures (α-helices, β-sheets, and random coils) and quaternary structures (tightly coiled helices, short helices, twisted β-sheets, and mixed structures) with high resolution. The α-helix is characterized by symmetric features with a prominent positive diagonal peak and two negative sidebands. The β-sheet displays broader primary peaks with increased negative sidebands, while the random coil exhibits a narrow positive diagonal peak with a weaker positive peak and more complex sidebands. For quaternary structures, the irregular distribution of structural elements results in asymmetric spectral features, and the coexistence of multiple secondary structures leads to the integration of their respective spectral signatures. The rich spectral information and unique features underscore the potential of 2DUV spectroscopy as a powerful tool for analyzing complex protein structures.




3.3. Probing Mutations of Proteins


Protein mutation plays a critical role in the development of certain human diseases and the formation of functional proteins. γS-crystallin, a major structural protein in the human eye lens, is frequently associated with cataracts or lens opacification due to mutations [53]. Wild-type (WT) γS-crystallin is essential for maintaining lens transparency, and its aggregation propensity is closely related to cataract formation. To investigate the effects of mutations on protein structure and aggregation behavior, we analyzed two mutants of WT γS-crystallin: G18V, strongly associated with early-onset cataracts, and G106V, a C-terminal symmetric engineered mutation linked to later-onset cataracts. Although these mutations induce only local structural changes, they significantly impact aggregation propensities in the order of WT < G106V < G18V [54,55].



The 2DUV spectra of WT γS-crystallin and its mutants are presented in Figure 4. Significant differences are observed in the 2DUV spectral features between the native (unmutated) and mutant structures. The 2DUV spectrum of the G106V native structure exhibits a strong positive signal peak (red) between 51,300 cm−1 and 52,000 cm−1, along with a weaker positive signal (green) around 50,500 cm−1. For the G106V mutant, the spectrum shows a strong positive signal peak (red) near 51,400 cm−1 but with a narrower and more irregular spectral range, indicating mutation-induced conformational changes. The 2DUV spectrum of the G18V native structure features a prominent positive signal peak (red) between 51,000 cm−1 and 51,600 cm−1, alongside a weaker positive peak (green) near 51,900 cm−1, forming an irregular elliptical shape. The G18V mutant spectrum, however, shows a more regular positive signal peak at 51,500 cm−1 and a new weaker peak at 52,100 cm−1 (green). Additionally, two weak negative sidebands (blue) flank the main peak, enhancing the spectral symmetry.



β-sheet amyloid oligomers (Aβ) are one of the key pathogenic factors in neurodegeneration associated with Alzheimer’s disease. A detailed understanding of Aβ oligomer structures and their roles in disease pathology is critical for uncovering the molecular basis of Alzheimer’s and for developing effective therapeutic and diagnostic strategies [56,57]. However, the study of Aβ oligomers is challenging due to their heterogeneity and instability. To explore their role in neurodegeneration, Sian et al. analyzed the E22G mutant β-sheet amyloid fibrils, where glutamic acid (GLU) is substituted with glutamine (GLN) at position 22 [58]. The 2DUV spectrum of native fibrils reveals a symmetric positive signal peak between 50,800 cm−1 and 52,000 cm−1, with a broad spectral range and prominent negative sidebands on either side. In contrast, the E22G mutant fibrils display a slight blue shift of the positive signal peak to approximately 52,000 cm−1, accompanied by a narrower spectral range. These spectral changes suggest that the E22G mutation alters fibril structure, reducing spectral signals and compacting the peak, accompanied by a slight blue shift. These findings demonstrate the ability of 2DUV spectra to sensitively detect subtle local structural changes induced by mutations. Although the spectral signals may not display significant differences between native structures and mutants, they consistently reflect the small-scale structural alterations associated with these mutations. Furthermore, because the 2DUV spectra of both native and mutant structures are derived through identical computational workflows using well-trained ML models, theoretical simulation errors are minimized. This high sensitivity to subtle variations underscores the potential of 2DUV spectroscopy to uncover how localized mutations affect the overall electronic properties and interactions within proteins, offering valuable insights for advancing the early diagnosis and treatment of related diseases.




3.4. Monitoring the Aggregation Process of Proteins


Understanding the structure and growth mechanisms of amyloid fibrils is critical for addressing over 20 diseases associated with protein misfolding. Monitoring the aggregation dynamics of amyloid fibrils is essential to understand their formation mechanisms and to develop targeted treatments for protein misfolding diseases [59]. The aggregation of amyloid proteins involves several intermediate states. To investigate these dynamic changes, we calculated the 2DUV spectra at different aggregation stages, represented by structures with varying numbers of peptide chains.



Figure 5 illustrates the structures of amyloid proteins with one, three, and five peptide chains, representing the early, mid, and fully aggregated stages of amyloid formation. Across all stages, the 2DUV spectra consistently feature a prominent positive diagonal signal peak (red) and two negative sidebands (blue). However, the spectral characteristics undergo significant changes as the number of peptide chains increases. At the initial stage, the positive diagonal peak is concentrated between 51,500 cm−1 and 52,100 cm−1, exhibiting high intensity and a narrow range. A weaker green signal peak is observed near 50,500 cm−1, indicating localized structural characteristics. The negative sidebands (blue) are located around 50,700 cm−1 and 52,500 cm−1, with broad and diffuse distributions. As aggregation progresses, the positive signal shifts within the range of 51,100–52,000 cm−1, with the main peak merging with adjacent signals to form more continuous spectral features. The merging of the green signal near 50,500 cm−1 into the main peak, as well as the narrowing and regularization of the blue sidebands, reflects the increased structural order during peptide chain assembly. In fully aggregated fibrils, the main positive diagonal peak smoothly transitions to a broader range within 51,000–52,300 cm−1 with increased intensity, indicating further stabilization of the assembled fibril structure. This smooth transition underscores the cohesive nature of the fibril assembly process, where structural order develops continuously across the fibril.



As the number of peptide chains increases, the 2DUV spectral signals gradually become stronger, broader, and more regular, reflecting the enhanced order and stability of the amyloid fibrils. This indicates that a detailed analysis of 2DUV spectral intensity, range, and peak position will enable the dynamic tracking of protein assembly and fibril growth processes, thus offering valuable insights into understanding the mechanisms of amyloid-associated diseases and developing targeted therapeutic strategies.




3.5. Tracking the Folding Path of Proteins


Protein folding is a crucial process in biological systems, where polypeptide chains adopt unique three-dimensional structures necessary for their functional roles. Tracking the protein folding process is essential for us to uncover the underlying mechanisms and regulate protein functions [60]. Trp-cage, a small polypeptide with a simple and rapid folding process, is widely used as a model for studying protein folding dynamics. In this study, five key folding states of trp-cage were selected, and their 2DUV spectra were predicted to track the dynamic evolution of folding. These states include the initial unfolded strand (S1), a slightly folded state with random coils (S25), an accelerated folding state with the emergence of α-helices (S50), a continued folding state with increased α-helix content (S75), and the final fully folded cage structure (S100).



As shown in Figure 6, the position and number of positive diagonal signal peaks (red) in the spectra change significantly during the folding process. In the initial unfolded state (S1), the spectrum features three positive diagonal peaks at around 50,000 cm−1, 51,000 cm−1, and 52,000 cm−1, with a weaker signal at around 51,000 cm−1, indicating a broader overall signal distribution. This reflects the loose and dynamic nature of the random structure. In the slightly folded S25 state, the peaks at 51,000 cm−1 disappear, merging into the peaks at around 52,000 cm−1, while the 50,000 cm−1 peak weakens slightly. This indicates a transition from a large random structure to a partially folded state with random coil content. In the S50 state, the peaks exhibit blue-shifting, converging around 51,000 cm−1 with a significantly reduced range, suggesting accelerated folding and the formation of α-helices, leading to a more ordered structure. In the S75 state, the peaks further blue-shift to approximately 51,500 cm−1, with narrower spacing and concentrated signals, reflecting increased α-helix content and enhanced structural stabilization. In the final fully folded cage state (S100), the peaks blue-shift entirely to 52,000 cm−1, with further reduced range and enhanced stability, clearly reflecting the final stable structure dominated by α-helices.



Overall, trp-cage transitions from an initial random structure to a stable α-helical-dominated state during folding, and this process can be tracking by significant 2DUV spectral changes. The progressive blue-shifting, reduced peak number, and signal concentration reveal the reduction in random coil content, increased α-helix formation, and overall structural stabilization. These findings demonstrate that 2DUV spectroscopy can serve as a robust tool for capturing dynamic structural evolution during folding, providing valuable insights into protein dynamics and folding mechanisms.





4. Conclusions


In summary, we successfully applied ML methods to predict 2DUV spectra of proteins and explored their applications in structural identification and dynamics tracking. The theoretical results reveal that, compared to traditional 1DUV spectroscopy, 2DUV spectroscopy can probe secondary structures (α-helices, β-sheets, and random coils) and distinguish quaternary structures formed by their combinations with higher resolution. Additionally, 2DUV spectroscopy can track dynamic processes such as mutations, aggregation, and folding, highlighting its ability to analyze protein transitions with high resolution.



The ML-based approach provides an efficient and cost-effective alternative to traditional expensive quantum chemical calculations, making it a practical solution for high-throughput studies in protein research. Its ability to establish robust structure–spectra relationships offers a pathway for systematic investigations of protein function based on spectral data. This capability holds promising potential for advancing our understanding of protein structure–function relationships and uncovering their underlying mechanisms. Additionally, the sensitivity of 2DUV spectroscopy to subtle structural changes and dynamic transitions makes it a valuable tool for studying diseases associated with protein mutations and misfolding, such as cataract formation and Alzheimer’s disease. Its ability to monitor assembly and folding pathways with high temporal and spatial resolution further underscores its utility in protein engineering, disease mechanisms, and drug discovery. It is worth noting that while our ML-based 2DUV spectroscopy demonstrates strong performance in common structural identification and dynamic tracking, its application to highly disordered, transient, or complex conformations remains limited due to the constrained diversity of the training dataset relative to the vast number of proteins in existing databases. Looking ahead, the scalability of the ML-based 2DUV prediction model offers significant promise for future applications. By expanding dataset diversity and refining prediction accuracy, this approach could enable the development of more precise structure–spectra relationships and facilitate spectrum-to-structure inversion. Furthermore, the methodology may be extended to other biomolecular systems, such as DNA and RNA, broadening its impact across structural biology and related fields.
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Figure 1. Machine learning protocol for predicting protein 2DUV spectra. Protein structures were obtained from the RCSB Protein Data Bank and decomposed into peptide bonds and amino acid residues. Machine learning models were employed to predict the excitation energies (ε0) and transition dipole moments (μT) of peptide bonds, as well as the ground-state dipole moments of amino acid residues (μG). These predictions were integrated to construct the Hamiltonian matrix of the protein system. Finally, the SPECTRON 2.8 software is used to generate the protein’s 2DUV spectra. 
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Figure 2. 1DUV spectra of the secondary and quaternary structures of proteins. (a) Secondary structures of proteins: α-helix, β-sheet, and random coil. (b) Quaternary structures of proteins: two tightly coiled α-helices, short α-helix segments, twisted β-sheets, and an α-helix/β-sheet combination. 1DUV spectra show low resolution, limiting their ability to capture detailed structural features effectively. 
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Figure 3. 2DUV spectra of the secondary and quaternary structures of proteins. (a) Secondary structures of proteins: α-helix, β-sheet, and random coil. (b) Quaternary structures of proteins: two tightly coiled α-helices, short α-helix segments, twisted β-sheets, and an α-helix/β-sheet combination. 2DUV spectra provide high resolution, enabling the identification of more detailed structural features compared to 1DUV spectra. 
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Figure 4. The 2DUV spectra for minoring the mutation of protein. Top: unmutated native structures, bottom: mutants. The G106V and G18V mutations in γS-crystallin affect the C-terminal and N-terminal domains, respectively, with G106V associated with later-onset cataracts and G18V with early-onset cataracts. The E22G mutation refers to the substitution of glutamic acid (GLU) with glutamine (GLN) at position 22 of the β-amyloid fibril sequence. 
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Figure 5. A schematic representation of the growth of a series of Aβ9–40 amyloid fibrils. Fibril formation progresses through three key stages: the early aggregation stage (a single peptide chain), the mid-aggregation stage (three peptide chains), and the fully aggregated stage (five peptide chains). 
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Figure 6. 2DUV spectra of the trp-cage protein along its folding pathway. The folding process of the trp-cage protein includes five key states: the initial unfolded strand (S1), a slightly folded state with random coils (S25), an accelerated folding state with the emergence of α-helices (S50), a continued folding state with increased α-helix content (S75), and the final fully folded cage structure (S100). 
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