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ABSTRACT
Given the rising incidence of prostate cancer (PCa), there is an increasing demand for cost-effective and reliable methods for 
early detection using the prostate-specific antigen (PSA) biomarker. PCa remains a leading cause of mortality among individuals 
with prostates aged 55–80 years. Molecularly Imprinted Polymers (MIPs) represent a promising solution due to their selectivity, 
sensitivity, and stability for PSA detection. However, the synthesis of MIPs for protein targets presents significant challenges, 
particularly in the rational selection of functional monomers and cross-linkers. This study introduces a theoretical framework to 
aid the development of MIPs by assisting in the selection of optimal reagents for PSA targeting. A novel algorithm, the Molecular 
Binding Algorithm for Surface Mapping (MBASM), was developed to efficiently generate amino acid-monomer complexes. The 
integrated MBASM + DFT approach was validated through comparison with the GFN2-xTB method and the Quantum Cluster 
Growth approach implemented in the CREST program. The results demonstrated strong agreement between the methods, es-
tablishing MBASM + DFT as a viable and innovative alternative tool for predicting interaction structures and energies. Through 
this strategy, promising monomers for PSA-targeted MIP synthesis were identified, including itaconic acid, 4-imidazole acrylic 
acid, and methacrylic acid, with 1,4-divinylbenzene emerging as the most effective cross-linker. This computational methodol-
ogy provides a powerful and systematic approach for optimizing MIP synthesis aimed at selective PSA detection.

1   |   Introduction

Prostate cancer (PCa) represents a significant global health con-
cern, with its incidence steadily increasing in recent years. It is a 
leading cause of mortality among individuals aged 55 to 80 years 
with a testicular reproductive system, accounting for approxi-
mately 10% of all cancer-related deaths worldwide and ranked 

as the sixth deadliest cancer globally [1, 2]. The progression of 
PCa to metastatic stages, often due to delayed diagnosis, dramat-
ically worsens its prognosis [3, 4]. Therefore, early detection and 
timely intervention are critical, as they are strongly associated 
with favorable outcomes, particularly when the disease remains 
confined to the prostate lobes. PCa is often asymptomatic in its 
early stages, with significant symptoms typically emerging only 
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after metastasis to lymph nodes or bones [2]. This underscores 
the urgent need for reliable diagnostic tools capable of detecting 
PCa in its early stages to improve treatment success and patient 
outcomes.

In this context, prostate-specific antigen (PSA) has become 
the most widely adopted biomarker for PCa, as it is the only 
known substance in the human body specific for this appli-
cation [1, 3]. PSA is a serine protease commonly found in 
human serum that facilitates minimally invasive PCa screen-
ing [1, 4]. As a member of the kallikrein family of proteases, 
PSA functions as a glycoprotein involved in androgen regula-
tion, with gene transcription upregulated by androgen recep-
tor activity [5]. PSA exists in various isoforms, with isoelectric 
points ranging from 6.8 to 7.2 [3]. Clinically, the “gray zone” 
of PCa risk is associated with PSA concentrations between 4 
and 10  ng mL− 1. PSA levels below 4  ng mL− 1 are generally 
considered negative, indicating a low probability of PCa [3]. 
However, studies have shown that approximately 25% of in-
dividuals with PSA levels between 2.5 and 4  ng mL− 1 were 
diagnosed with PCa, highlighting the limitations of current 
diagnostic thresholds [1, 6].

Nevertheless, while PSA is widely used as a biomarker for PCa, 
its specificity to prostate cancer is limited. PSA levels tend to 
increase with patient age and may also reflect non-cancerous 
conditions, such as benign prostatic hyperplasia, or even other 
malignancies, such as breast cancer [4, 5, 7]. The most com-
mon method for detecting PSA levels in clinical practice is the 
enzyme-linked immunosorbent assay (ELISA), which is highly 
sensitive and effective for quantifying PSA. However, ELISA is 
a complex and time-consuming procedure. Furthermore, PSA 
instability during analysis can contribute to suboptimal results, 
increasing the risk of errors [1, 3]. Thus, ELISA assays are rel-
atively expensive compared to alternative diagnostic methods. 
Despite these limitations, ELISA remains the gold standard for 
PSA detection and continues to play a central role in PCa diag-
nostics and monitoring [1, 3, 8].

In recent years, molecularly imprinted polymers (MIPs) have 
gained significant attention in academic research as a promis-
ing, cost-effective, more stable, and easier-to-handle alternative 
to ELISA [9, 10]. MIPs offer several advantages over ELISA, 
including straightforward synthesis without the need for so-
phisticated equipment. Additionally, MIPs are reusable, lead-
ing to substantial cost savings in repeated analysis [11]. They 
are highly versatile, functioning effectively across a wide range 
of temperatures, pH levels, and in organic-aqueous solutions. 
Furthermore, their high selectivity for target molecules min-
imizes the occurrence of false positives and false negatives 
[12–14]. Despite these advantages, MIPs are still under the de-
velopment stage and require further validation before they can 
be reliably applied in clinical diagnostics [1, 15]. Nevertheless, 
their potential to address the limitation of current PSA detection 
methods makes them a compelling focus of research in the quest 
for more efficient and cost-effective PCa diagnostics.

The synthesis of MIPs relies on five essential elements: The tem-
plate molecule or analyte (TM), the functional monomer (FM), 
the cross-linker or structural monomer (SM), the radical initia-
tor, and the solvent. The characteristics and concentrations of 

these components are critical for achieving optimal polymer 
performance [16, 17]. However, MIP development for macro-
molecules such as proteins presents significant challenges, par-
ticularly with respect to achieving high selectivity [16, 18]. One 
notable challenge is the decrease in selectivity with increasing 
TM size, making PSA a difficult target for MIP design [16]. The 
wide variety of available FMs further complicates the selection 
process, as the chemical compatibility between the FM and an-
alyte is crucial—acidic monomers interact more effectively with 
basic regions of the analyte and vice versa [19].

To overcome these complexities, the integration of computa-
tional approaches with experimental strategies offers a prom-
ising pathway for the design and optimization of selective 
PSA-sensitive MIPs [16, 18]. This combined approach mini-
mizes the need for extensive experimentation, thereby saving 
both time and resources. Currently, Density Functional Theory 
(DFT) and Molecular Docking are widely employed to evaluate 
binding affinities and interaction sites. These methods provide 
valuable insights into monomer-template interactions, enabling 
predictions of molecular properties that guides the selection of 
functional monomers (FM), structural monomers (SM), and sol-
vents, thereby improving MIP design and application efficiency 
[13, 16, 18, 20–25].

Despite their advantages, DFT methods are computationally 
expensive, particularly when handling large datasets involving 
thousands of molecular structures. These constraints limit the 
systematic exploration of monomer-analyte configurations and 
reduce research efficiency. Consequently, many studies rely on 
manually constructed interaction models, narrowing the con-
figuration range to be explored and potentially overlooking opti-
mal binding scenarios [16, 26–29].

To overcome this barrier, deterministic algorithms—which oper-
ate exclusively on input data without stochastic variation—have 
emerged as efficient tools for automating complex (analyte + 
monomer) generation and improving the scalability and reliabil-
ity of molecular simulations [30]. In this study, we introduce the 
Molecular Binding Algorithm by Surface Mapping (MBASM), a 
novel algorithm designed to automatically construct monomer-
analyte interaction complexes by evaluating molecular chemical 
environments. MBASM significantly enhances the efficiency of 
structure generation and enables broader sampling of potential 
configurations. When integrated with DFT, the algorithm yields 
results comparable to those obtained using semi-empirical 
methods such as GFN2-xTB + DFT. Future work will focus on 
refining the functionality of the algorithm and improving its 
performance in high-throughput screening for MIP design.

2   |   Theoretical Approach and Computational 
Details

2.1   |   Introduction to MBASM in Molecular 
Simulation

The Molecular Binding Algorithm by Surface Mapping 
(MBASM) differentiates itself from other structure-generation 
algorithms by implementing a unique protocol that integrates 
several internal and external tools to achieve its main goal, that 
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is, constructing interacting complexes such as monomer-analyte 
systems, van der Waals (vdW) complexes, adsorbed systems, 
and others. This protocol performs a sophisticated analysis of 
the chemical environment, followed by the identification and se-
lection of representative interaction sites to ensure the accurate 
generation of physically meaningful complexes, with a primary 
focus on molecule–molecule interactions.

In MBASM, molecules are treated as rigid bodies, and atoms 
are represented as spheres with vdW radii or scaled fractions 
thereof. The algorithm maps the chemical environment on the 
molecular surface based on local atomic neighborhoods, allow-
ing the systematic exploration of interaction modes between 
molecular pairs. This methodology enables the generation of 
hundreds of thousands of analyte–monomer complexes, which 
would be computationally infeasible to analyze without an ef-
fective data reduction strategy.

To address this challenge, MBASM incorporates the k-means 
clustering algorithm—a widely used method for partitioning 
high-dimensional datasets into representative clusters [31–36]. 
By applying k-means, the algorithm efficiently extracts repre-
sentative structures from the large ensemble of generated com-
plexes for subsequent quantum mechanical evaluation via DFT. 
For more details on k-means, see the work of MacQueen [32].

2.1.1   |   Surface Mapping

The objective of this initial stage is to identify a set of k represen-
tative points on the molecular surface that capture the diversity 
of local chemical environments. This is accomplished through 
the following steps:

•	 Surface Point Identification: Firstly, the molecule sur-
face is defined as the outermost surface formed by the 
union of vdW radii spheres around each atom. A large and 
predetermined number of surface points is then generated 
using the Deserno algorithm [37], ensuring uniform and 
comprehensive coverage of the molecular surface.

•	 Feature Vector Calculation for Surface Points: For each 
surface point, a feature vector is constructed to quantify the 

local chemical environment. The vector elements decay 
with the distance d from the point to each atom in the mol-
ecule, following the exponential function e− d2∕3, which as-
signs greater weight to nearby atoms. These contributions 
are categorized and grouped based on the atomic species. 
Subsequently, k-means clustering is applied to the feature 
vectors, grouping surface points into k clusters. The point 
closest to the centroid of each cluster is selected as the rep-
resentative for that specific local chemical environment (see 
Figure 1).

2.1.2   |   Binding Procedure Algorithm

The trial binding structures are generated by aligning two mol-
ecules at their representative interaction points on the molec-
ular surfaces. To comprehensively explore potential binding 
geometries, multiple spatial alignments are evaluated. For each 
pair of representative points, one molecule undergoes system-
atic rotation to generate a full set of configurational complexes. 
A controlled rotational grid is employed to sample all feasible 
three-dimensional orientations, ensuring thorough exploration 
of the interaction space [38, 39]. This approach produces a large 
dataset of trial configurations, which are then filtered and re-
fined according to the following criteria:

•	 Non-overlapping Molecules: Configurations in which 
atoms from the two molecules overlap are excluded. Overlap 
is defined as any pair of atoms from different molecules 
being separated by a distance less than the sum of their vdW 
radii, multiplied by a weighted parameter (�). After testing 
several values for this � parameter, 0.5 was identified as op-
timal for monomer-analyte interactions.

•	 Distinct Configurations: Configurations must be suf-
ficiently distinct to avoid redundancy in the dataset. This 
is enforced through a filtering process based on geometric 
feature vectors. Each binding configuration is described by 
a concatenated feature vector composed of three key spa-
tial points, that is, the geometric centers of both molecules 
and the representative surface points used to align them. 
The Euclidean distance between the feature vector of the 
current configuration and those of previously accepted 

FIGURE 1    |    (a) Input structures, here showing a glycine molecule interacting with a methacrylic acid structure, and forming a van der Waals 
complex, (b) example of surface point mapping on structures. The number of points mapped is determined by user settings, showcasing the flexibility 
and precision of the algorithm in surface analysis.

(a) (b)
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configurations is computed. If this distance exceeds a spec-
ified threshold (0.08 was determined to be optimal for this 
study), the configuration is retained in the final pool of se-
lected structures.

2.1.3   |   Representative Set Extraction Algorithm

Finally, the selected structures from the filter pool are further 
clustered using the k-meansalgorithm, resulting in a refined 
and smallest set of representative configurations. To visualize 
the clustering process, the t-distributed Stochastic Neighbor 
Embedding (t-SNE) algorithm is employed (Figure SM36). This 
dimensionality reduction technique, developed by Geoffrey 
Hinton and Laurens van der Maaten [40], enables intuitive vi-
sualization of high-dimensional data in a lower-dimensional 
space, facilitating the interpretation of structural diversity 
within the dataset. Figure 2 illustrates the complete workflow of 
the MBASM algorithm, detailing the key steps involved in iden-
tifying chemically relevant surface environments, generating a 
comprehensive pool of candidate complexes, and selecting a rep-
resentative subset for further analysis.

Using the MBASM protocol, millions of chemical structures 
were generated and systematically filtered to identify repre-
sentative monomer-analyte configurations appropriate for 
DFT calculations. The initial stages of the protocol focused on 
evaluating a broad range of monomer-amino acid complexes to 
identify those with the highest potential for effective molecular 
interactions. However, performing DFT calculations on such 
large datasets would be computationally expensive. To over-
come this limitation, the pool of trial complexes was reduced to 
approximately 2400 representative monomer-analyte configura-
tions. These optimized structures were selected based on their 

chemical relevance and structural diversity, ensuring that the 
most promising candidates were retained for subsequent DFT 
analysis. The theoretical framework and corresponding results 
are presented and discussed in the following subsections.

2.2   |   Ab Initio DFT Calculations

All total energy calculations were performed using ab initio DFT 
methods, employing the B3LYP formulation for the exchange-
correlation functional [41]. Thus, to solve the Kohn-Sham (KS) 
equations, the KS orbitals were expanded on Gaussian-type 
basis functions as implemented in the ORCA software package 
[42, 43], using the triple-zeta valence with polarization (TZVP) 
basis set quality [44]. For convergence criteria, we employed 
the Tight (default) ORCA settings, in which the electron den-
sity self-consistency was achieved once the total energy was 
smaller than 1. 0× 10− 8 Hartree, while the equilibrium geom-
etries were obtained once the forces on all atoms were smaller 
than 1. 0× 10− 5 Hartree/Bohr. These criteria ensured accurate, 
optimized geometries for all studied amino acid-monomer com-
plexes. Vibrational frequencies calculations were also carried 
out for all isolated amino acids (AA) and monomers at the same 
level of theory to verify them as local minima. This was con-
firmed by the absence of negative eigenvalues in the Hessian 
matrix (Figures SM1 to SM35). Thus, to account for solvent ef-
fects, the implicit Conductor-like Polarizable Continuum Model 
(CPCM) was applied, using water as solvent [45].

2.3   |   Molecular Docking Simulations

Molecular docking using a flexible-rigid ligand-receptor model 
was performed with the AutoDock Vina v1.2.0 software [46] in 

FIGURE 2    |    Schematic representation of the Molecular Binding Algorithm by Surface Mapping (MBASM), illustrating the workflow for identify-
ing chemical environments, generating a pool of structures, and selecting a representative set for further analysis.
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conjunction with AutoDock Tools 1.5.6 [47]. The PSA protein 
structure was obtained from the PDB website [48], code: 1GVZ 
with a resolution of 1.42 Å [49] (see Figure 3). Although 1GVZ 
corresponds to horse PSA (HPK), it shares over 60% amino acid 
sequence similarity with human PSA, including several identi-
cal regions [49]. Homology analysis between HPK and human 
PSA was performed using BLAST analysis, based on FASTA 
sequence data [51, 52]. The analysis highlights key sequence 
similarities and differences, providing valuable insights into 
their structural and functional relationships (Figures  SM44 
and SM45). Furthermore, given the size and inherent structural 
flexibility of protein molecules, molecular imprinting is often 
limited to using surface-exposed peptide fragments, known as 
epitopes. This strategy, known as Epitope Molecularly Imprinted 
Polymers (EMIPs), was introduced by Rachkov and Minoura in 
2001 [53, 54]. In this approach, the amino acid sequence of the 
epitope used as a template is identical to a terminal segment of 
the target protein. EMIPs offer several advantages, including ex-
ceptionally high selectivity, lower cost, easy availability of tem-
plate molecules, and high efficiency in template immobilization 
on the matrix surface [53–55]. Additionally, due to their simpler 
structure, epitopes are less sensitive to environmental condi-
tions and can be used with organic solvents, thereby broadening 
the range of monomers available for MIP synthesis [55].

In addition to the aforementioned methodology, two crucial 
considerations were incorporated to ensure that the docking 
simulations focused on the most relevant binding regions of 
the PSA protein: 

•	 Active Site Selection: The active site was chosen based 
on its sequence similarity to the human PSA binding site. 
Specifically, the selected region included a significant num-
ber of AA also present in the human PSA active site, en-
suring that the predictive binding characteristics would be 
relevant for intended applications.

•	 Surface Accessibility: The selected binding region was 
required to be surface-exposed. This consideration is par-
ticularly important because the functional monomer is 
expected to interact with the protein surface during po-
lymerization. Therefore, ensuring surface accessibility 
promotes effective binding to the epitope and facilitates the 
formation of MIP.

Considering these criteria, molecular docking simulations were 
performed at physiological pH (7.4), setting the protonation 
states of both the ligand (monomer) and receptor (PSA). Docking 
was carried out using AutoDock Vina in a flexible-rigid ligand-
receptor regime, employing default parameters with the excep-
tion of the exhaustiveness setting, which was increased to 10 to 
enable a more comprehensive exploration of binding conforma-
tions. The homologous regions of horse PSA (HPK) correspond-
ing to human PSA active site were used to define the docking 
grid box (8. 795× 43. 245×− 5. 193; Figures SM44 and SM45).

3   |   Results and Discussion

3.1   |   Evaluating MBASM Performance in 
Monomer-Analyte Complexes

In this study, we assessed the effectiveness of the MBASM proto-
col combined with DFT calculations for generating and optimizing 
monomer-analyte complexes. Its performance was benchmarked 
against a well-established automated approach based on the 
semi-empirical GFN2-xTB method, combined with the Quantum 
Cluster Growth (QCG) strategy in the Conformer-Rotamer 
Sampling Tool (CREST) program [56]. CREST was selected for its 
demonstrated efficiency in exploring low-energy conformational 
spaces, particularly in systems dominated by interactions that are 
non-covalent in nature [56]. Our comparative analysis began with 
a direct evaluation of the MBASM + DFT protocol relative to the 
GFN2-xTB approach (Figure SM37. This was followed by an as-
sessment of DFT-optimized structures derived from GFN2-xTB-
generated conformers (GFN2-xTB followed by DFT optimization). 
Specifically, we compared the most stable structures generated by 
the CREST + GFN2-xTB + DFT approach with those obtained 
using our MBASM + DFT protocol, as summarized in Figure 4.

The results demonstrate the comparative efficiency and accu-
racy of the MBASM + DFT protocol compared with the au-
tomated CREST + GFN2-xTB + DFT approach in generating 
and optimizing monomer-analyte complexes. For instance, our 
protocol consistently produced a broader and more chemically 
diverse range of initial complexes compared to the GFN2-xTB 
method. This highlights the capability of MBASM to explore 
the configurational space more exhaustively, particularly for 
interactions sensitive to local chemical environments. Thus, 
the monomer-analyte DFT-optimized structures derived from 
the MBASM protocol were comparable in stability to those 
generated by the CREST + GFN2-xTB approach. The calcu-
lated binding energies of the most stable structures from both 
methods showed only minor energetic differences within the 
margin of computational error. However, in some cases, the 
CREST + GFN2-xTB + DFT approach produced slightly more 
favorable binding energy magnitudes, which are discussed in 
detail in subsequent sections.

FIGURE 3    |    The amino acids highlighted in yellow form a large 
peptide identical to the one found in human PSA, with this region also 
containing several other identical AA. A detailed sequence comparison 
between HPK and human PSA is provided in Carvalho (2002) [49, 50].
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Despite its exhaustive sampling of configurations, MBASM 
efficiently reduced the trial complexes pool to a manageable 
and representative subset for DFT optimization. In contrast, 
the CREST + GFN2-xTB approach generated a much larger 
number of candidate structures, requiring significantly more 
computational resources for processing and post-optimization. 
Furthermore, while the GFN2-xTB approach is designed for 
rapid pre-optimization, it occasionally converged to local min-
ima that demanded extensive refinement during subsequent op-
timization using DFT. The MBASM protocol, by leveraging its 
chemically informed surface-mapping algorithm, consistently 
generated high-quality initial configurations, thereby minimiz-
ing the need for computationally expensive post-processing.

The initial results suggest that the binding energies obtained 
using raw GFN2-xTB exhibit significant energetic discrepancies 

when compared to those calculated with MBASM + DFT 
(Figure  SM37). For instance, in the ARG-acidm complex, 
MBASM + DFT predicted a binding energy of − 18.38  kcal 
mol− 1, whereas GFN2-xTB resulted a much lower energy of 
− 29.27 kcal mol− 1. Therefore, these results highlight the poten-
tial limitations of semi-empirical methods in accurately estimat-
ing binding energies, likely due to an oversimplified treatment 
of electronic interactions and inadequate representation of po-
larization effects.

However, when the GFN2-xTB structures were subsequently re-
fined via DFT, the discrepancy was notably reduced. The DFT-
optimized GFN2-xTB structure for the ARG-acidm complex 
yielded a binding energy of − 22.66 kcal mol− 1 (see Figure 5). This 
enhanced stability is attributed to proton migration during the 
DFT optimization, which resulted in a more favorable electronic 

FIGURE 4    |    Comparison of optimized amino acid-monomer complexes obtained using the MBASM+DFT and GFN2-xTB+DFT approaches. 
The binding energy (ΔE) is reported in kcal mol− 1. (a) ARG-acidm, ΔE = − 18. 38 (MBASM+DFT) and ΔE = − 22. 66 (GFN2-xTB+DFT), (b) HIS-
acida, ΔE = − 11. 70 (MBASM+DFT) and ΔE = − 8. 17 (GFN2-xTB+DFT), (c) GLU-4imid, ΔE = − 11. 39 (MBASM+DFT) and ΔE = − 6. 11 (GFN2-
xTB+DFT), (d) TYR-itaco, ΔE = − 17. 11 (MBASM+DFT) and ΔE = − 17. 63 (GFN2-xTB+DFT), (e) ASP-acrol, ΔE = − 6. 70 (MBASM+DFT) and 
ΔE = − 11. 78 (GFN2-xTB+DFT), (f) ASN-14dvb, ΔE = − 5. 84 (MBASM+DFT) and ΔE = − 3. 71 (GFN2-xTB+DFT), (g) CYS-2viny, ΔE = − 9. 61 
(MBASM+DFT) and ΔE = − 11. 32 (GFN2-xTB+DFT), (h) GLU-alila, ΔE = − 11. 66 (MBASM+DFT) and ΔE = − 13. 66 (GFN2-xTB+DFT), (i) 
GLY-estir, ΔE = − 3. 34 (MBASM+DFT) and ΔE = − 4. 42 (GFN2-xTB+DFT), and (j) GLU-4viny, ΔE = − 9. 03 (MBASM+DFT) and ΔE = − 8. 56 
(GFN2-xTB+DFT).
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configuration. This behavior illustrates the utility of GFN2-xTB 
in generating reasonable intermediate structures that can be 
improved through higher-level post-optimization. In contrast, 
the MBASM + DFT protocol inherently incorporated critical 
non-covalent interactions—such as the formation of two hydro-
gen bonds—during its initial complex generation phase. This 
capability stems from MBASM's chemically informed surface-
mapping strategy, which enables the construction of highly rel-
evant configurations prior to quantum mechanical refinement. 
As a result, MBASM + DFT achieved greater stabilization with-
out the need for significant structural corrections, underscoring 
its effectiveness in capturing significant non-covalent interac-
tions directly, particularly when hydrogen bonding or other spe-
cific interactions play a crucial role in binding stability.

Consistent results were also observed for the TYR-itaco and 
GLU-4imid complexes. In the case of TYR-itaco, the MBASM 
+ DFT approach yielded a binding energy of − 17.11  kcal 
mol− 1, while the GFN2-xTB + DFT method produced a value of 
− 17.63 kcal mol− 1. The close agreement between these values 
demonstrates that the MBASM protocol is capable of generating 
chemically meaningful initial structures that are well-aligned 
with refined results obtained from other established methodol-
ogies. This further supports the utility of MBASM as a reliable 
and efficient alternative for the high-throughput generation of 
monomer-analyte complexes, offering flexibility in identifying 
low-energy structures with high accuracy.

Ongoing and future development of the MBASM algorithm will 
focus on introducing new functions to enhance its accuracy and 
applicability. The results presented above highlight areas for 
further improvement, such as expanding the sampling of con-
figurations to capture additional interactions, including multiple 
hydrogen bonds in specific cases (e.g., ASP-acrol). Enhancing the 
chemical environment mapping or incorporating adaptive sam-
pling methods could further improve the accuracy and breadth 
of generated complexes. Future versions of the MBASM code 
may include advanced clustering algorithms for improved struc-
tural selection, more accurate treatment of protonation states, and 

integration with machine learning models to dynamically predict 
interaction sites and optimize binding geometries. These enhance-
ments are expected to increase the protocol's robustness and scal-
ability across a wider range of molecular systems and applications.

3.2   |   Structural, Energetic, and Electronic 
Features of Monomer-Analyte Complexes

3.2.1   |   Energetic Analysis: Evaluation 
of the Binding Energy

Using DFT, the binding interactions between a diverse array 
of monomers and 20 AA were systematically evaluated. For all 
calculations involving isolated molecules and complexes, an im-
plicit water model was employed to account for the biological 
nature of the system under investigation. In total, approximately 
15 monomers were analyzed. The monomers included in this 
study are abbreviated as follows:

•	 Functional monomers and their abbreviations: 1-allyl pipera-
zine (1ally), 1-vinylimidazole (4imid), 4-vinylpyridine (2hydr), 
2-vinylpyridine (1viny), 4-imidazoleacrylic acid (4viny), 
2-hydroxyethyl methacrylate (acidm), acrylamide (2viny), 
methacrylic acid (acril), acrolein (acrol), acrylic acid (acida), 
allylamine (alila), styrene (estir), itaconic acid (itaco).

•	 Structural monomers and their abbreviations: 
1,4-divinylbenzene (14dvb), N,N'-methylenebisacrylamide 
(bisac).

Therefore, the strength of the representative complexes (AA + 
monomers) was evaluated through binding energy analysis (ΔE) 
using the following formula: 

where EDFT
amino acid

 and EDFTmonomer are the DFT total energy for the gas-
phase amino acid and monomer molecules, respectively, while 
EDFT
complex

 are the DFT total energy for the amino acid + monomer 
complex. Therefore, more favorable binding occurs with more neg-
ative values of ΔE. The table with all explicit DFT data is available 
in the SM file (Table SM1). Below, Figure 6 shows the relationship 
interaction of each FM with the respective AA, highlighting the 
difference in the binding energy in kcal mol− 1

Firstly, the selected specific region of the HPK protein resem-
bling the active site of the human PSA does not encompass all 
20 AA. For this reason, the predominant AA in the selected re-
gion includes cysteine (CYS), glutamine (GLN), glycine (GLY), 
glutamate (GLU), lysine (LYS), tryptophan (TRP), valine (VAL), 
and isoleucine (ILE). Although the majority of the evaluated 
monomer-AA complexes exhibit negative binding energies, 
it is crucial to determine which complex demonstrates the 
most favorable binding with all the AA present in this region. 
Accordingly, as shown in Figure  6, the FMs with the lowest 
ΔE energies are itaco, 4imid, and acidm, with acidm and acida 
being the most commonly employed FMs in MIP syntheses [57].

Among the eight AA in the selected binding region, GLY 
(− 13.08 kcal mol− 1) and TRP (− 10.00 kcal mol− 1) exhibited the 

(1)ΔE = (EDFT
amino acid

+ EDFTmonomer)−E
DFT
complex

FIGURE 5    |    Binding energy relationship (ΔE in kcal mol− 1) for the 
most relevant amino acid-functional monomer complexes, comparing 
the MBASM+DFT methodology with CREST+GFN2-xTB+DFT.
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strongest interactions with itaco, followed by CYS (− 10.50 kcal 
mol− 1) and GLN (− 10.38  kcal mol− 1). These results position 
itaco as a particularly promising FM candidate. For example, 
the itaco-MET complex features a binding energy of − 14.08 kcal 
mol− 1 and forms two hydrogen bonds, suggesting substantial 
stability compared to other complexes (Figure SM38).

Additionally, another key mechanistic feature observed in these 
interactions is the proton transfer from the FM carboxyl group 
to the amine nitrogen of AA. This transfer enhances the bind-
ing strength by increasing the positive charge on nitrogen and 
the negative charge on oxygen, reinforcing electrostatic inter-
actions. Although this proton transfer is likely reversible, the 
resulting complex remains stable through resonance stabiliza-
tion of the carboxylate group. This reversibility is crucial for the 
eventual extraction of the template molecule from the polymer, 
facilitating the formation of selective recognition cavities in the 
polymer matrix.

The results also show that the interaction between the in-
termediate FM acida and GLY is significant, particularly 
in the active site region. For example, the most stable acida-
GLY complex features two hydrogen bonds, forming a well-
symmetric structure with an energy of − 10.51 kcal mol− 1 
(Figure SM38). In contrast, the most stable itaco-GLY complex 
has a single hydrogen bond but a lower energy of − 13.64 kcal 
mol− 1 (Figure SM38). Another relevant complex is acida-GLN, 
as GLN is also part of the relevant region in the protein. The 
most stable acida-GLN complex, which has a moderate en-
ergy of − 5.53 kcal mol− 1, and is stabilized by a hydrogen bond 
(Figure SM38). Although this energy is less favorable, the in-
termediate FM acida remains a good candidate because the 

relatively weak interaction may facilitate the removal of the 
PSA template post-polymerization, supporting acida's utility 
as an FM candidate.

The FM 4imid showed uniformly favorable interactions with 
the eight AAs in the PSA binding site region, making it a sig-
nificant candidate for our analysis. Conversely, acidm exhibited 
particularly strong binding with ARG, yielding a binding energy 
of − 18.38 kcal mol− 1 for complex number 4 (Figure SM38), the 
strongest interaction among all evaluated complexes between 
an FM and AA. Other FMs, including 1ally, 2viny, and acida, 
showed moderate to strong interactions, suggesting their suit-
ability as intermediate candidates.

It is also noteworthy that 1ally displayed strong binding with 
AAs such as PRO and CYS, with binding energies of approxi-
mately − 16.91 kcal mol− 1 and − 16.82 kcal mol− 1, respectively; 
with SER (− 14.44  kcal mol− 1); and HIS (− 8.21  kcal mol− 1). 
Among these, the selected binding site region of the protein. 
Therefore, while 1ally may not be the best candidate for this 
specific PSA-targeted application, it remains a promising can-
didate for MIPs targeting other proteins that contain these 
AAs in their accessible regions. Since this study focuses on 
the interaction between FM and the AA, the dataset could 
also be applied for use in MIPs designed for various biological 
macromolecules.

When comparing the two structural monomers (14dvb and 
bisac), the preferred monomer choice for synthesis is the one 
with weaker interaction energies with the AAs. This mini-
mizes competitive binding with the FM and helps preserve 
the structural integrity of the final polymer [28]. For example, 

FIGURE 6    |    Heatmap of binding energy (Δ E in kcal mol− 1) for all optimized configurations of amino acid-monomer complexes obtained using 
the MBASM+DFT approach.
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in the 14dvb-GLY complex, the interaction involves �-orbital 
stacking from the aromatic ring, with a binding energy of 
− 4.40  kcal mol− 1 for the most stable configuration (complex 
7). Conversely, the bisac-GLY complex shows a stronger in-
teraction with binding energy of − 6.60  kcal mol− 1 (complex 
8), supported by a hydrogen bond (Figure SM38). These find-
ings support the selection of 14dvb as the preferred structural 
monomer, as it is less likely to interfere with FM-AA binding 
while still contributing to the rigidity of the imprinted polymer. 
Additional information is provided in Figures SM39 to SM41.

3.2.2   |   Electronic and Structural Analysis: Evaluation 
of Frontier Orbitals and Geometric Parameters

The analysis of frontier molecular orbitals (FMOs), specifically 
the Highest Occupied Molecular Orbital (HOMO) and Lowest 
Unoccupied Molecular Orbital (LUMO), along with the corre-
sponding HOMO-LUMO gap, is presented herein. These pa-
rameters are crucial for evaluating the electronic properties 
and chemical reactivity of molecules. The HOMO reflects the 
electron-donating ability of the molecule, whereas LUMO rep-
resents its electron-accepting capacity. The HOMO-LUMO en-
ergy gap is an important indicator of both kinetic stability and 
overall molecular reactivity [58–60].

For the acidm-GLY complex, the calculated HOMO 
and LUMO energies were EHOMO-acidm = − 7. 52 eV and 
ELUMO-acidm = − 1. 52 eV, respectively. The LUMO of acidm, 
dominated by hydroxyl contributions, facilitates hydro-
gen bonding with the HOMO of GLY, whose energy is 
EHOMO-GLY = − 6. 94 eV. This orbital alignment contributes to 
the observed favorable binding energy of − 11. 46 kcal mol− 1 
(Figure SM42).

In contrast, the 4imid-Gly complex exhibited a weaker 
binding energy of − 3. 37 kcal mol− 1. The higher HOMO 
energy of 4imid (− 6. 30 kcal mol− 1) compared to GLY 
(− 6. 94 kcal mol− 1) indicates a reduced electron donation ca-
pacity, as shown in Figure SM42. According to FMO theory, a 
higher HOMO energy indicates increased electron donation po-
tential. However, in this context, the smaller energy difference 
between the HOMO of 4imid and the LUMO of glycine results in 
reduced interaction strength, explaining the less favorable bind-
ing energy. These observations demonstrate the utility of FMO 
theory in rationalizing molecular interaction trends and predict-
ing relative stability and reactivity.

Beyond molecular orbital analyses, structural changes were 
observed in isolated molecules upon complex formation. For 
example, in the isolated methacrylic acid molecule, the bond 
length of the carbonyl group (C  O) is 1.35 Å, while the hydroxyl 
O  H bond length measures 0.97 Å (Figure SM43). Additionally, 
the angle between the hydroxyl group and the carbonyl group 
of the carboxylic moiety is 108.9°. Upon interaction with GLY, 
forming the most stable complex, these structural parameters 
undergo significant changes. The C  O bond length reduces 
to 1.32 Å, while the O  H bond length increases to 1.05 Å. The 
internal angle between these groups expands to 111.93°. These 
distortions indicate electronic and spatial reorganization due to 
complexation.

Such distortions in bond lengths and angles can be attributed 
to electrostatic interactions and hydrogen bonding between the 
carboxyl group of methacrylic acid and the amino and carboxyl 
groups of glycine. These non-covalent interactions contribute to 
the overall stabilization of the complex. In light of these obser-
vations, a more detailed analysis is required to further explore 
the bonding characteristics and electronic redistribution mecha-
nisms responsible for stabilizing the complex. These aspects are 
explored in the following subsection.

3.2.3   |   Topological Analysis: Evaluating 
the Nature of Chemical Interaction on 
Amino Acids-Monomer Complexes

This section evaluates the nature of chemical interactions in 
amino acid-functional monomer complexes using the Quantum 
Theory of Atoms in Molecules (QTAIM). Briefly, QTAIM en-
ables the characterization of chemical bonding through the to-
pological analysis of the electron density distribution, revealing 
insights into bond strength, nature (covalent and non-covalent), 
and stability—key factors that are critical for understanding and 
enhancing MIP selectivity.

In QTAIM, critical points of the electron density are classified 
by their rank and signature. Relevant types may include nuclear 
critical points NCP(3, − 3), bond critical points BCP(3, − 1), ring 
critical points RCP(3, +1), and cage critical points CCP(3, +3) 
[61–63]. The analysis in this work focuses on BCPs, where elec-
tron density �b and its Laplacian ∇2�b serve as key descriptors of 
bonding interactions.

For hydrogen bonds, accepted values of �b between 0.002–0.034 
a.u. and ∇2�b between 0.024–0.139 a.u. [61]. These values indi-
cate closed-shell interactions typical of hydrogen bonding and 
vdW interactions.

Additionally, the electronic energy density H(r) at the BCP is 
defined as follows: 

where, G(r) is the kinetic energy density and V(r) is the poten-
tial energy density. A negative H(r) typically suggests partial co-
valent character, whereas a positive H(r) supports electrostatic 
(non-covalent) interactions.

QTAIM classifies chemical interactions based on the values 
of the electron density topological properties, as follows: If 
∇2𝜌(r) > 0 and H(r) > 0, the interaction is considered weak and 
electrostatic; if ∇2𝜌(r) < 0 and H(r) < 0, the interaction is con-
sidered strong and covalent bond; and if ∇2𝜌(r) > 0 and H(r) < 0, 
the interaction is moderate with partial covalent characteristics 
[61, 64].

In addition to QTAIM, the Electron Localization Function 
(ELF) provides complementary insights into bonding charac-
teristics. ELF values range from 0 to 1, where values near 0 
indicate low localization, typically associated with weak inter-
actions near zero, while values near 1 suggest high localization, 
which may be indicative of covalent bonding. Therefore, ELF 

(2)H(r) = G(r) + V (r)
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analysis can also be used to evaluate the strength and nature 
of hydrogen bonds within a complex. All wavefunction anal-
yses were performed using Multiwfn v.3.7. The Poincaré-Hopf 
relationship was satisfied for all monomer-analyte complexes, 
ensuring topological completeness of the QTAIM analyses.

The analyzed monomer-analyte complexes exhibit hydrogen 
bonds of varying strengths, as summarized in Table 1. Insights 
derived from electronic structure descriptors, particularly the 
ELF and the QTAIM parameters, provide valuable information 
on the nature and stability of these bonding interactions. For 
instance, for weak interactions, as on 4imid-GLU complex (17H-
26N, CP 43) exhibits H(r) = − 0. 001 a.u., ELF of 0.151, and bond 
length of 1.89 Å. Here, the significantly lower ELF value and the 
small negative energy density indicate a weak, electrostatically 
dominated interaction. This indicates a more diffuse electron 
density at the bond critical point (BCP), which is characteristic 
of the weaker, non-covalent hydrogen bond.

In contrast, moderate-strength interactions are observed in 
complexes such as itaco-GLY (21H-4N, CP 44) with H(r)=0.007 
a.u., ELF of 0.267, and a bond length of 1.61 Å. Here, the neg-
ative H(r) and the relatively elevated ELF suggest a stabilizing 
hydrogen bond, where the electron density distribution is more 
localized and partial covalent character at the BCP, reinforc-
ing the interaction. Similarly, the acidm-LYS complex (36H-1N, 
CP 43) exhibits values of H(r)=− 0.007 a.u., ELF of 0.269, and a 
bond length of 1.71 Å. These parameters also indicate a moder-
ate hydrogen bond with appreciable covalent contributions, due 
to the more localized electron density. Similarly, the acida-GLY 
complex (19H-8O, CP 22) presents a weaker interaction, with 
H(r)=− 0.001 a.u., ELF of 0.171, and a bond length of 1.67 Å. 
Although the lower ELF and H(r) values point to a less localized 
interaction than the previous cases, this interaction contributes 
moderately to the stabilization, through a combination of both 
electrostatic and minor covalent effects.

Overall, the QTAIM parameters and ELF analysis collectively 
reveal that the strength and nature of the hydrogen bonds 
formed in these monomer-analyte complexes range from weak, 

predominantly electrostatically driven interactions, to mod-
erate, stabilizing bonds with partial covalent character. These 
insights are detailed in Table 1, where the full set of calculated 
parameters for each complex is shown.

3.3   |   Evaluating PSA-Monomers Interactions 
Through Molecular Docking

Although molecular dynamics (MD) simulations have been suc-
cessfully employed in our previous studies involving MIPs [16], 
we opted for molecular docking in the present work to facilitate 
the rapid and systematic screening of 15 candidate FMs. While 
MD simulations provide detailed insights into molecular interac-
tions, they are computationally expensive and time-consuming. 
In contrast, molecular docking offers a computationally efficient 
approach [65], enabling fast estimation of interaction tendencies 
and making it ideally suited for the preliminary selection of 
promising monomers for further study.

Moreover, molecular docking shares conceptual similarities 
with the MIP imprinting process, as both are based on principles 
of molecular complementarity and pre-organization. In dock-
ing, the ligand aligns with the receptor in a manner that maxi-
mizes binding affinity and interaction complementarity, closely 
resembling the “lock-and-key” model [66–68]. This mechanism 
parallels the MIP approach, wherein monomers are selected to 
complement the size, shape, and functional groups of the target 
molecule [67, 68]

In this study, molecular docking was performed using the FMs, 
that is, acida, itaco, 4imid, and acidm as flexible ligands, while the 
receptor active site region of the PSA protein is composed of the 
following eight AA: CYS, GLN, GLY, GLU, LYS, TRP, VAL, and 
ILE (Figures  SM46 to SM56). Our previous DFT analyses have 
elucidated the stabilizing nature of FM-AA interactions, where 
hydrogen bonds play a crucial role. However, docking results re-
vealed that multi-residue interactions could introduce additional 
destabilizing or stabilizing effects due to the formation of multiple 
hydrogen bonds as well as hydrophobic interactions.

TABLE 1    |    Topological, electronic and structural properties for the selected bond critical points (BCP) in the monomer (A)-amino acid (B) 
complexes.

Complexes A-B

H(r) ELF Dbond �(r) �
2
�(r)

(a.u.) (-) (Ã…) (a.u.) (a.u.)

itaco-gly 21H-4N −0.007 0.267 1.61 0.055 0.124

4imid-glu 17H-26N −0.001 0.151 1.89 0.035 0.095

4imid-glu 6H-22O −0.005 0.047 2.12 0.017 0.059

acidm-gly 3H-16O 0. 001 0.027 2.91 0.010 0.038

acidm-gly 22H-4N −0.006 0.258 1.56 0.052 0.119

acidm-lys 36H-1N −0.007 0.269 1.71 0.055 0.125

acida-gly 10H-18O −40.002 0.179 1.65 0.050 0.149

acida-gly 19H-8O −0.001 0.171 1.67 0.046 0.143

Note: The presented properties are electronic energy density, H(r); electron localization function, ELF; bond distance, Dbond; electron density, �(r); and Laplacian of 
electron density, ∇2�(r).
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For instance, in the case of acidm, hydrogen bonds were ob-
served with ILE16 and GLY19, while hydrophobic interactions 
were predominant with ILE17, GLY18, and GLN156, as shown 
in Table SM2. For all eight AA included in the active site, the 
calculated binding free energy (ΔG) for acidm is approximately 
− 3.00  kcal mol− 1, one of the most favorable values among all 
studied FMs. FM 4imid also formed stabilizing interactions 
with AA GLY18, GLY19, and GLN156, through hydrogen bonds, 
and hydrophobic interactions with ILE16, ILE17, and GLU21. 
However, acidm exhibited a slightly more favorable ΔG, DFT re-
sults (Figure 6) indicate that 4imid generally provides stronger 
and more consistent interactions with AAs, reinforcing its suit-
ability as a promising FM.

It is crucial to recognize that the overall binding strength of a 
given FM increases as additional favorable interactions accu-
mulate. Specifically, FM itaco, identified in DFT analysis as the 
second-strongest interaction, interacts with four AAs via dock-
ing, two of them by hydrogen bonding, while the other two 
through hydrophobic interactions, as shown in Figure 7. The 
hydrogen bonds are formed with GLY18, GLY19, and ILE16, 
and hydrophobic interactions occur with GLN156 and ILE17. 
The ΔG for itaco is − 3.40 kcal mol− 1, indicating a strong and 
stable interaction in this region. Hydrogen bonds lenghts typ-
ically range from 2.7 Å to 3.0 Å [71], with values around 3.0 Å 
being the most common in biological systems. The hydrogen 
bond lengths observed in the itaco complex fall within this 
expected range, further confirming the validity of the interac-
tion model.

In the case of FM acida, docking revealed three hydrogen bonds 
with three different AA, that is, GLY18, GLY19, and ILE16, 
which significantly contribute to stabilizing the interaction. 
Additionally, hydrophobic interactions with ILE17 and GLN156 
are observed. The ΔG of − 2.50 kcal mol− 1 (Table SM2) supports 
its classification as good, but intermediate FM, which is consis-
tent with the previous DFT prediction.

Finally, FM 1allyl, which slightly outperforms acida according 
to DFT analysis, exhibits a ΔG of − 2.60  kcal mol− 1 in molec-
ular docking simulations. This close agreement between DFT 
and docking data enhances the reliability of the theoretical 

methodologies employed in this study to predict favorable FM-
AA interactions within the PSA active site.

4   |   Conclusion

In this study, a novel algorithm, the Molecular Binding Algorithm 
by Surface Mapping (MBASM), was developed to systematically 
generate amino acid-monomer complexes, followed by struc-
tural optimization using Density Functional theory (DFT). This 
integrated MBASM + DFT protocol was designed to identify the 
optimal functional monomer for the synthesis of molecularly 
imprinted polymer (MIP) targeting prostate-specific antigen 
(PSA). The MBASM + DFT protocol streamlined the selection 
process, reducing thousands of potential structures to a man-
ageable set of 2400, which were then subjected to detailed DFT 
analysis.

Preliminary benchmarking demonstrated the effectiveness of 
MBASM compared to alternative approaches. However, ongo-
ing development and refinement of the algorithm are planned 
to further improve its accuracy, scalability, and applicability to 
other complex molecular systems.

From the combined DFT and molecular docking analyses, 
promising functional monomers for MIP synthesis were iden-
tified, including itaconic acid, 4-imidazole acrylic acid, and 
methacrylic acid. Additionally, 1,4-divinylbenzene was identi-
fied as a superior structural monomer (cross-linker) based on its 
favorable interaction profile and minimal interference with FM-
template interactions.

Furthermore, the most promising stable FM-AA complexes 
were found to be stabilized by hydrogen bonding interactions, 
which range in strength from weak to moderate, as confirmed 
by QTAIM and ELF analyses. These non-covalent interactions 
play a key role in molecular recognition and contribute to the 
selective imprinting behavior of MIPs.

Overall, the MBASM + DFT novel framework offers a powerful 
and scalable approach for the rational design of MIP systems. 
This refined methodology has the potential to accelerate the 

FIGURE 7    |    Depiction of the 3D and 2D molecular affinity of itaconic acid with the amino acids present in the strategic region of the PSA protein. 
The 3D structure includes a ribbon representation, illustrating the conformation of each protease peptide [69], while the 2D interactions were ana-
lyzed using LIGPLOT+ software [70]. Atom colors are as follows: Carbon (black), nitrogen (blue), and oxygen (red), with hydrogen atoms omitted for 
clarity. The binding free energy (ΔG) for itaconic acid is − 3.40 kcal mol− 1, as detailed in Table SM2.
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development of targeted MIPs for biorecognition and diagnostic 
applications.
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