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In brief

This study demonstrates the successful 
development of a machine learning model 
for accurately predicting the binding affinity 
of chemically modified aptamers, leading to 
rationally designed aptamers with 105-fold 
affinity enhancement and providing valuable 
insights into AI-driven high-affinity aptamer 
prediction.
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Highlights

•	 Our developed machine learning model shows promising 
capabilities in accurately predicting the binding affinity of 
aptamers with post-SELEX modifications. 

•	 The rationally designed aptamers with specific post-SELEX 
modification exhibit a 105-fold affinity enhancement (picomole  
level KD value).

•	 The study offers valuable insights into the use of artificial 
intelligence (AI) for high-affinity prediction in aptamer with 
post-SELEX modification.
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ABSTRACT

The binding affinity of aptamers to targets has a crucial role in the pharmaceutical and biosensing effects. Despite 
diverse post-systematic evolution of ligands by exponential enrichment (post-SELEX) modifications explored in 
aptamer optimization, accurate prediction of high-affinity modification strategies remains challenging. Sclerostin, 
which antagonizes the Wnt signaling pathway, negatively regulates bone formation. Our screened sclerostin aptamer 
was previously shown to exert bone anabolic potential. In the current study, an interactive methodology involving 
the exchange of mutual information between experimental endeavors and machine learning was initially proposed 
to design a high-affinity post-SELEX modification strategy for aptamers. After four rounds of interactive training 
(a total of 422 modified aptamer-target affinity datasets with diverse modification types and sites), an antifcial 
intelligence model with high predictive accuracy with a correlation coefficient of 0.82 between the predicted and 
actual binding affinities was obtained. Notably, the machine learning-powered modified aptamer selected from this 
work exhibited 105-fold higher affinity (picomole level KD value) and a 3.2-folds greater Wnt-signal re-activation 
effect compared to naturally unmodified aptamers. This approach harnessed the power of machine learning to 
predict the most promising high-affinity modification strategy for aptamers.

Keywords: Machine learning, Aptamer, High affinity, Post-SELEX, Sclerostin

1. INTRODUCTION

Nucleic acid aptamers, which are single-stranded RNAs 
or DNAs, exhibit the capability to bind to a wide array 
of targets with high specificity. Aptamers are usu-
ally generated using the systematic evolution of lig-
ands by exponential enrichment (SELEX) technique 
[1]. Compared to monoclonal antibodies, the compact 
size and excellent solubility of aptamers facilitate the 
administration of high molar doses and enhanced tissue 
penetration, thereby optimizing bioavailability [2]. The 
modularity of oligonucleosides permits easy creation 
of aptamers in industrial scales [3]. Despite processing 
many advantages, naturally unmodified aptamers usu-
ally exhibit suboptimal binding affinity compared to 
monoclonal antibodies, limiting the pharmacodynamic 

effects in drug discovery and recognition efficacy in 
probe exploitation [4, 5].

Chemical modification strategies of aptamers have 
been widely used to increase stability with lower immu-
nogenicity and excellent safety profile [6]. Specifically, 
chemical modification strategies greatly expand the 
diversity of nucleoside composition, which have been 
commonly used for enhanced interactions between 
the modified aptamer and the target [7, 8]. For exam-
ple, Davies et al. [9] and Gawande et al. [10] advanced 
the field of DNA chemistry by introducing hydropho-
bic amino acid-like side chains (indoyl, benzyl, pyridyl, 
isobutyl, naphthyl, and pyrrolyl) into aptamers using a 
modified SELEX (mod-SELEX) technique. These unique 
aptamers, known as SOMAmers, exhibit slow off-rate to 
proteins due to the expansion of hydrophobic interaction 
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interfaces [9, 10]. This feature holds promising prospects 
because the SOMAmers have demonstrated binding affin-
ities to proteins that are comparable to antibodies [11]. 
However, only a small number of chemical modification 
types can be used in mod-SELEX due to the compatibility 
limitation of polymerases [12]. Additionally, a vast num-
ber of chemical modifications in aptamers introduced by 
mod-SELEX significantly enhance the synthetic costs and 
potential safety concerns. To address this issue, a polymer-
ase-independent, post-SELEX modification approach was 
adopted to maintain flexibility, simplicity, and minimized 
selection bias compared to the mod-SELEX approach 
[12]. However, it is challenging to predict the effects of 
post-SELEX aptamer modifications on the binding affin-
ity to proteins. Therefore, researchers must synthesize 
numerous aptamers with post-SELEX modifications to 
identify the promising aptamer candidate with the high-
est affinity. Notably, the potential for modification types 
and sites in aptamers is limitless. Manual characterization 
of the affinity between all post-SELEX modified aptamers 
and corresponding targets is impractical. Thus, it is desira-
ble to explore virtual prediction strategies for optimizing 
the post-SELEX modification sites and types of aptamers 
for the highest binding affinity [3].

Artificial intelligence (AI) has demonstrated nota-
ble successes in predicting target-ligand interactions 
in drug discovery [13, 14]. For example, Zhavoronkov 
et al. developed a machine learning approach for rap-
idly identifying promising DDR1 kinase inhibitors, which 
selectively inhibit DDR1 activity in vitro (IC50: 10 nM) and 
in vivo [15]. Importantly, machine learning approaches 
have been successfully used in predicting the binding 
affinity of naturally unmodified aptamers to targets. 
Early in 2009 Knight et al. used machine learning tech-
niques to construct a sequence-fitness landscape using 
aptamers and affinity data [16]. In 2021 Bashir et al. used 
particle display to segregate a library of aptamers based 
on affinity and subsequently trained machine learning 
models, which facilitated a truncated high-affinity DNA 
aptamer design (KD: 1.5 nM) [2]. Recently, Iwano et al. 
reported a variational autoencoder for high-through-
put SELEX data-driven RNA aptamer generation [17]. 
Although these computational approaches enable iden-
tification of aptamers with comparatively high affinity, 
the training data depend on high-throughput SELEX 
next-generation sequencing. More importantly, these 
AI models only generate de novo, naturally-unmodified 
aptamers or DNA fragments, which are ineffective in the 
affinity optimization of the selected aptamer. To date, 
there have been no machine learning-powered, high-
affinity modification strategies in aptamer discovery.

In our previous work an aptamer (named aptscl56) 
was screened against sclerostin for the treatment of 
osteogenesis imperfecta and osteoporosis [18, 19]. The 
aliphatic acid-conjugated aptscl56 and stapled aptscl56 
exhibited excellent pharmacokinetic characteristics 
and metabolic stability [20, 21]. However, the binding 
affinity was much lower compared to an anti-sclerostin 

antibody and needed improvement. In the study, an 
interactive methodology was elucidated involving the 
exchange of mutual information between experimental 
endeavors and machine learning to a robust aptamer 
design with post-SELEX modification. Different types 
of modifications were synthesized and characterized 
in aptamers at different sites (a total of 422 modified 
aptamer sequences) to assess the effects on binding 
affinity. By utilizing acquired affinity data, a well-es-
tablished evolved AI model was trained and a modifica-
tion-sequence library was generated. A stacking learning 
approach was used combined with Random Forest 
(RF), Extreme Gradient Boosting (XGBoost), and Light 
Gradient Boosting Machine (LightGBM) [22] to train the 
model. This model was trained with the 422 modified 
aptamer sequences and the corresponding affinity data. 
The model was able to learn the complex patterns and 
relationships between the sequence modifications and 
binding affinities. The model showed a high predictive 
accuracy with a correlation coefficient of 0.82 between 
the predicted and actual binding affinities. Moreover, 
the model was able to generate a sequence library of 
potential aptamers with high-affinity post-SELEX mod-
ifications. The top 10% of the sequences predicted by 
the model were synthesized and tested, 80% of which 
had significantly improved binding affinities compared 
to the original sequences. This approach displays a 
bright potential for machine learning that can rapidly 
predict and determine the most promising post-SELEX 
high-affinity modification strategy for aptamers.

2. MATERIAL AND METHODS

2.1 Materials
All the chemical compounds used in this study were pur-
chased from Aldrich Sigma (Burlington, Massachusetts, 
United States). Lipofectamine 2000, Dulbecco’s modified 
Eagle’s medium (DMEM), MEM-α medium, and fetal 
bovine serum (FBS) were purchased from Thermo Fisher 
Scientific (Waltham, Massachusetts, United States). 
Serum-free cell freezing medium was purchased from 
Beijing T&L Biological Technology Co., Ltd. (Beijing, 
China). OptiMem medium was purchased from macgene 
(Beijing, China). A high-capacity cDNA reverse transcrip-
tion kit was purchased from Applied Biosystems (Foster 
City, California, United States). The TransZol Up Plus 
RNA kit was purchased from TransGen Biotech (Beijing, 
China). The DNA primers and DNA alkynylation used 
in this study were purchased from Biosyntech (Suzhou, 
China). The Dual-Luciferase Reporter Assay System and 
passive lysis buffer (PLB) were purchased from Promega 
(Madison, Wisconsin , United States). The plasmids used 
in this study were purchased from GenScript Biotech 
Corporation (Burlington, New Jersey, United States). The 
HEK293 cells were purchased from BPS Bioscience Ltd. 
(San Diego, California, United States). The MC3T3-E1 
cells were purchased from the American Type Culture 
Collection [ATCC] (Manassas, Virginia, United States).
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2.2 Aptamer synthesis with post-SELEX 
modifications
Alkynylated aptamers (1.0 equivalent), azide-linked 
modified molecules (100 equivalents), and CuSO4 (50 
equivalents) were combined in a reaction tube for 
aptamers with 2′-hydroxyl modifications. Subsequently, 
200 mM NaHCO3 (5 μL), acetonitrile/H2O (100 μL at an 
acetonitrile-to-H2O ratio of 6%), and 20 mM tris(2-car-
boxyethyl) phosphine [TCEP] (3 μL) were added and 
the mixture was vortexed. The reaction tube was then 
briefly purged with nitrogen gas and placed on a shaker 
at 25°C for 4 h. The Fmoc groups in amino acids were 
removed using ammonium hydroxide (60°C for 1 h). 
Synthesis was performed on an H-8 DNA/RNA Oligo 
Synthesizer (K&A Labs, Schaafheim, Germany) following 
standard phosphoramidite chemistry for aptamers with 
base modifications or sugar ring scaffold changes with 
an increased coupling time for modified phosphoramid-
ite monomers. Finally, the crude aptamers were purified 
using an Xbridge® Oligonucleotide BEH C18 OBD™ Prep 
Column (2.5 μm, 10 mm × 50 mm; Waters Corporation, 
Milford, Massachusetts, United States) and desalted 
using a Sephadex G25 column (Cytiva, Marlborough, 
Massachusetts, United States) with an Agilent 1260 
Semi-Prep LC System (Santa Clara, California, United 
States). The samples were further lyophilized to dryness 
for storage and confirmed by electrospray ionization 
mass spectrometry analysis (Table S1, Figure S1).

2.3 Feature representation
The feature representation for small molecules was 
accomplished using extended connectivity fingerprints 
(ECFPs), a well-established method for encoding the 
structure of small molecules. ECFPs are a class of topo-
logic fingerprints used in cheminformatics to represent 
the chemical structure of small molecules. An ECFP is a 
circular type of fingerprint in which the environment of 
each atom is encoded by considering the surrounding 
atoms in subsequent layers. The ECFP fingerprint of a mol-
ecule was generated and used as input for the machine 
learning models. One-hot vectors were used for feature 
representation of the small molecule modification sites. 
Using this encoding scheme, each modification site is rep-
resented by a binary vector containing one ‘1’ and ‘0’s 
elsewhere. This scheme allows the model to handle cate-
gorical data without making any assumptions about the 
relative importance of different modification sites.

To quantitatively characterize the possibility of high 
affinity, the affinity score (AS) value was adopted, which 
was measured as follows:

	  = initial

modified

AS ,
Kd
Kd � (1)﻿

where Kdinitial and Kdmodified are the KD values of the 
aptamer to the target protein before and after modifi-
cation, respectively.

2.4 Model training
The model was trained using a stacking model that com-
bines RF, XGBoost, and LightGBM algorithms. Stacking is 
a learning technique that leverages the collective power 
of regression models or multiple classification by using a 
meta-regressor or a -classifier [23]. The base-level models 
undergo training on a comprehensive training set and 
the meta-model is subsequently trained using the out-
puts generated by the base-level models as informative 
features. The stacking model is often used to improve 
the model performance of multiple machine learning 
algorithms. RF is a bagging algorithm that generates 
multiple decision trees and aggregates the results. RF 
reduces overfitting by averaging the results of different 
trees. XGBoost is a powerful boosting algorithm that 
constructs robust predictive models by combining an 
ensemble of weak prediction models, commonly in the 
form of decision trees. LightGBM is a gradient boost-
ing framework utilizing tree-based learning algorithms 
with the advantages of training speed and model per-
formance. The training process was performed using a 
10-fold cross-validation. The dataset was randomly par-
titioned into 10 sub-samples of equal size in this pro-
cedure. Of the 10 sub-samples, 1 sub-sample was kept 
aside as the validation data to assess the model, while 
the remaining 9 sub-samples were used as training data. 
This process was iterated 10 times with each sub-sample 
used once as the validated data. The results obtained 
from the 10-folds were then averaged to yield a consol-
idated estimation.

2.5 Model evaluation
The performance of DeepModify was evaluated using 
a 10-fold cross-validation method for each dataset to 
ensure the prevention of overfitting and maintain exper-
imental accuracy. The proposed method was assessed by 
comparing the performance of DeepModify with three 
base models involved in the stacking process. The model 
efficacy in predicting binding affinity was gauged using 
the coefficient of determination (R2) and the Pearson 
correlation coefficient (PCC) per the methodology used 
by Weirauch et  al. We hypothesized that the closer 
these two evaluation indices are to 1, the more efficient 
the method. These two indicators were utilized for each 
dataset. The definitions for these performance calcula-
tions are provided by:
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where yi, Yi, ,y  and Y  represent the observed, pre-
dicted, average observed, and average predicted bind-
ing affinity scores, respectively.
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This evaluation metric was chosen because the metric 
effectively measures how well the predicted affinity 
values correlate with the actual values, which is crucial 
in testing model performance on predicting aptamer 
modification strategies. The data used for this study 
were obtained from a comprehensive database of small 
molecules and the corresponding modification sites. 
The database includes a wide array of small molecules 
with diverse structures, allowing for a robust and com-
prehensive analysis. The specific details of the database, 
including the source and data cleaning process and 
pre-processing, are beyond the scope of this section and 
will be discussed in the Data Preparation section. Python 
programming language was used for all data pre-
processing, feature extraction, model training, and eval-
uation tasks. The specific machine learning libraries used 
include scikit-learn for the RF, XGBoost, and LightGBM 
algorithms. Model stacking was also implemented using 
the functionalities provided by these libraries. ECFP fin-
gerprint generation and one-hot vectors (RDKit), a col-
lection of machine learning and cheminformatics soft-
ware, was used. The PCC was computed using the scipy 
library, a Python library used for scientific and technical 
computing. The computation was performed on a high-
performance computing cluster equipped with multiple 
CPUs and a large amount of RAM to handle the heavy 
computational load of the machine learning algorithms 
and the large dataset. In conclusion, the current study 
used a combination of advanced feature representation 
techniques and a stacked ensemble of machine learning 
algorithms to predict high-affinity modification strate-
gies in aptamers. The model performance was assessed 
using the PCC and the entire process was performed 
using commonly used open-source software and a 
high-performance computing infrastructure.

2.6 Bio-layer interferometry (BLI) assay
The interactions between selected aptamers and scle-
rostin were analyzed using the Octet 96/96e system 
(ForteBio) at 25°C. The running processes and condi-
tions were as follows: baseline, 1X PBS buffer (10 mM 
phosphate buffer, 2.7 mM KCl, and 137 mM NaCl [pH 
7.4]) for 120 s at 1000 rpm; loading, 100 nM 5-bioti-
nated aptamer in 1X PBST buffer (0.02% Tween20 in 1X 
PBS [pH 7.4]) for 300 s at 500 rpm; baseline 2, 1X PBST 
buffer for 300 s at 500 rpm; association, sclerostin (var-
ied concentrations) in 1X PBST buffer for 300 s at 500 
rpm; dissociation, 1X PBST buffer for 300 s at 500 rpm; 
regenration, 5 M NaCl for 30 s at 500 rpm; and neutral-
ization, 1X PBS buffer for 60 s at 500 rpm. Finally, the 
affinity constant KD values were evaluated using fitting 
curves (1:1 binding model) with ForteBio Data analysis 
11.0 [24].

2.7 TOP-Wnt-induced signal assay
The HEK293 cells were seeded on 24-well plates (1.5 × 
105 per well) in DMEM medium. After the cells were 
cultured for 24 h, the Topflash plasmid (0.20 μg, firefly 

luciferase reporter regulated by TCF/LEF transcription 
factors) and SV40 (0.02 μg, Renilla luciferase reporter, 
inner control) were co-transfected with Wnt-1 plasmid 
(0.25 μg per well) and sclerostin plasmid (0.20 μg per 
well) utilizing lipofectamine 2000. Following a 12-h incu-
bation period, the transfection mixture was carefully 
aspirated and 0.5 mL of regular growth medium and var-
ying concentrations of aptamers were introduced. After 
incubating at 37°C for 12 h, the medium was aspirated 
and the cells were lysed in 0.5 mL of 1X PLB by gently 
shaking the culture vessel for 15 min. Fifteen microliters 
of the lysate was transferred to a 96-well OptiPlate for 
luciferase activity determination and chemiluminescence 
was measured using the MD SpectraMax i3X Multi-Mode 
Microplate Reader system (molecular devices, Sunnyvale, 
California, United States) following the manufacturer’s 
protocol for the Dual-Luciferase Reporter Assay System. 
Finally, the data were analyzed using Origin 2019b 
(description, non-linear curve fit; iteration algorithm, 
Levenberg-Marquardt; model, dose response).

2.8 Real-time qPCR assay
MC3T3-E1 cells (mouse preosteoblasts) were cultured 
in MEM-α medium containing 100 units/mL penicillin-
streptomycin and 10% FBS. After seeding the cells in 
24-well plates (2 × 105 cells per well) for 24 h, the cells 
were transfected with Wnt-1 plasmid (0.25 μg per well) 
and sclerostin plasmid (0.20 μg per well) using 2 μL of 
lipofectamine 2000. During the transfection process, the 
plasmids and lipofectamine 2000 were initially mixed 
in 0.1 mL of OptiMem medium for 20 min. Then, 0.4 
mL of serum-free MEM-α medium without antibiotics 
was added and gently mixed. Finally, the transfection 
mixture was added to the cells after removing the old 
medium. The transfection mixture was removed after 6 
h and 0.5 μM of Aptscl56 or Aptscl56-9b11s was added. 
Following incubation at 37 °C for 12 h, the medium was 
removed and total RNA from the cultured cells was iso-
lated using the TransZol Up Plus RNA kit, according to 
the manufacturer’s instructions. Following purification, 
reverse transcription of 1.0 μg of total RNA into cDNA 
was performed using a high-capacity cDNA reverse tran-
scription kit [25]. The specific primers utilized for this 
study were as follows: Runx2 (forward primer: CCT GAA 
CTC TGC ACC AAG TCCT, reverse primer: TCA TCT GGC 
TCA GAT AGG AGGG) [26]; Alp (forward primer: CCA 
GAA AGA CAC CTT GAC TGT GG, reverse primer: TCT 
TGT CCG TGT CGC TCA CCAT) [26]; Ocn (forward primer: 
GCA ATA AGG TAG TGA ACA GAC TCC, reverse primer: 
CCA TAG ATG CGT TTG TAG GCGG) [27]; and GAPDH 
(forward primer: CAT CAC TGC CAC CCA GAA GAC TG, 
reverse primer: ATG CCA GTG AGC TTC CCG TTC AG) [28]. 
Quantitative PCR reactions were performed using SYBR 
Green qPCR Mix on the 7900 HT Sequence Detection 
System (Applied Biosystems, Foster City, California, 
United States). The relative RNA expression of the tar-
get genes was determined using the 2-ΔΔCt method with 
GAPDH serving as the endogenous normalizer.
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2.9 Molecular docking
The secondary structure of the unmodified aptamer 
was predicted using the RNAfold web server [29] and 
the 3D structure was predicted using the RNAComposer 
server [30]. The resulting model with the lowest Gibbs 
free energy was imported into Molecular Operating 
Environment software. To obtain the aptamer structure 
(Aptscl56), all the hydroxyl groups at the 2′-position of 
the sugars were removed and corresponding modifica-
tions, such as 9b and 11s, were added. Energy minimi-
zation was then performed to obtain the final Protein 
Data Bank (PDB) file for docking. The HDOCK web server 
was subsequently used [31] with the receptor of scleros-
tin loop 3 (PDB ID: 2K8P) and the submitted aptamer 
files. The HDOCK server integrated template-based 
modeling and free docking capabilities to predict the 
architecture of protein-DNA/RNA or protein-protein 
complexes. The server automatically predicted the inter-
action using a hybrid algorithm of template-based and 
-free docking. The resulting complex structure was then 
analyzed using the Protein-Ligand Interaction Profiler 
web [32] to identify key interaction modes and refine 
the docking results. The visualization of the modeled 
interactions was performed using PyMOL, a software 
tool that facilitates a detailed examination of binding 
conformations.

2.10 Statistical analysis
The data are presented as the mean ± standard devia-
tion. To assess inter-group differences in the study vari-
ables, including in vitro mRNA levels of bone formation 
biomarkers, a one-way ANOVA with Tukey’s post-hoc 
test, was performed. Statistical analysis was performed 
using Origin 2019b and GraphPad Prism software. A P < 
0.05 was considered a statistically significant difference.

3. RESULTS

3.1 Constructing a modified aptamer-affinity 
value dataset for training and verifying the 
DeepModify model
We implemented a comprehensive modification approach 
to optimize the binding affinity of the aptamer to its tar-
get. The major influencing factors, including the modi-
fication site in the aptamer, nucleobase type, structural 
characteristics of orientation, stereoisomerism, flexibility, 
weight, and hydrophilicity, have been taken into con-
sideration. Liquid- and solid-phase synthesis approaches 
were applied to aptamer modification according to mod-
ification positions. To maximize the chemical diversity, 
2′-hydroxyl modification, base modification, and nucleo-
sugar scaffold changes were considered in this study. 
For the 2′-hydroxyl modification, 2′-propargylhydroxy 
guanosine was individually incorporated into aptamers 
at diverse sites, forming an alkyne-modified aptamer 
library A (12 sequences; Figure S2a). Then, 15 types of pro-
tein-like side chains (Figure S2b) were conjugated to the 
2′ position of the nucleo-sugar in the aptamer, forming a 

larger modified aptamer library B (180 sequences, i.e., 12 
× 15 sequences). Briefly, the functional azido groups were 
conjugated to alkenyl-aptamers via a highly efficient 
copper(I)-catalyzed alkyne–azide cycloaddition (CuAAC) 
approach under nitrogen protection. After purification 
using high-performance liquid chromatography (HPLC), 
the modified aptamer was immobilized on the surface of 
a streptavidin biosensor. The BLI assay was then used to 
perform association and dissociation procedures against 
sclerostin. The binding affinity of each modified aptamer 
against sclerostin was then calculated.

Phenyl, indolyl, a THF spacer, and a C3 spacer were 
individually incorporated into the nucleobase in 
aptamer at 22 diverse sites using phosphonamidite 
chemistry by standard DNA synthesis process for base 
modification and sugar ring scaffold changes, forming 
another modified aptamer library C (88 sequences, i.e., 
4 × 22 sequences; Figure S3). After purification using 
HPLC, an enzyme-linked oligonucleotide assay (ELONA) 
was then used to perform association and dissociation 
procedures against sclerostin. The relative binding abil-
ity of each modified aptamer against sclerostin was then 
calculated. With the addition of previous data made 
using the quinoline modification (154 sequences, i.e., 
7 × 22 sequence) [24], a library with 242 sequences for 
base modification was constructed. A comprehensive 
modified aptamer library D (422 sequences, i.e., 180 + 
242 sequences; Figure S3) comprised of major influenc-
ing factors was utilized as a modified aptamer-affinity 
value dataset for training and verifying the established 
machine learning model (DeepModify model).

3.2 Performance of corrected affinity score 
predicted by the DeepModify model
A cost-effective regression model was applied using an 
iteration method for predicting the affinity score of the 
modified aptamers with varied modification types and 
sites on the sclerostin aptamer. This iterative workflow 
is depicted in Figure 1, where each key step of the pro-
cess is clearly outlined. The workflow began by gener-
ating an initial set of modified aptamers with diverse 
modification types and sites, which were experimentally 
tested for binding affinity. BLI and ELONA were used to 
evaluate the affinity of each modified aptamer against 
sclerostin. The affinity results were then used as training 
data for machine learning models, which included 20 
different regression models. These models were evalu-
ated using a 10-fold cross-validation approach to deter-
mine the best candidates for constructing an ensemble 
(Table S2). The selected base model (RF, LightGBM, and 
XGBoost) were used to create a stacking ensemble to 
leverage the complementary strengths for improved 
prediction accuracy. Extensive testing was performed 
to optimize the model, involving various training algo-
rithms, feature representation methods, and dataset 
sizes. In each iteration, new rounds of data were gener-
ated from experimental results and added to the train-
ing set, thereby continuously improving the model. This 
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Figure 1  |  Workflow of combined experimental measurement and machine learning for discovering high-affinity modification 
strategy in aptamers and the pharmaceutical effects.
The workflow consists of four main steps: first, the sites on each sequence are encoded as 40-dimensional vectors and the small molecules 
modified at the sites are represented as molecular fingerprints; second, a recursive feature elimination strategy is employed to perform 
feature selection for each individual base learner; third, a stacked integration classifier is trained using the training dataset, and the pre-
dicted labels for the test dataset are generated as the output; and fourth, experimental validation of the efficacy of the screened aptamers 
is performed.
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iterative process was repeated across multiple rounds 
to refine the aptamer modifications and the machine 
learning predictions. After establishing the model, 
SHapley Additive exPlanations (SHAP) values to inter-
pret the model predictions and provide insights into 
which features (i.e., specific modifications and sites) had 
the most significant contributions to increased affinity. 
The final DeepModify model achieved robust perfor-
mance metrics, including the PCC and R2, which were 
used to assess predictive capabilities.

The iterative nature of this workflow provided sev-
eral key advantages. First, by continuously incorporat-
ing experimental results, the machine learning model 
was able to learn from newly synthesized aptamers and 
improve the predictive accuracy over time. This dynamic 
feedback loop enabled more precise identification of 
high-affinity modifications compared to a static model 
training approach. Second, the use of a stacking ensem-
ble model, incorporating RF, XGBoost, and LightGBM, 
allowed leveraging the complementary strengths of 
these algorithms. This ensemble approach demonstrated 
improved predictive performance compared to any single 
model, as evidenced by superior PCC and R2 values, which 
ensured a more reliable prediction of modified aptamer 
affinity. Finally, the incorporation of SHAP values for 
model interpretability ensured that the workflow was 
not only capable of making accurate predictions but also 
provided a transparent understanding of which modifi-
cations were most beneficial. This interpretability aspect 
was crucial for guiding future aptamer design by under-
lying relationships between aptamer modifications and 
the binding affinity. Collectively, the workflow detailed 
in Figure 1 highlighted an efficient strategy for optimiz-
ing aptamer modifications through an interactive cycle 
of prediction and experimental validation, leading to the 
rapid development of high-affinity aptamers.

The performance of the stacking regression model 
was compared to RF, XGBT, and LGBM regression models 
with respect to the PCC (Figure 2a). The stacking regres-
sion model outperformed the basic models with respect 
to prediction accuracy. The PCC values of the stacking 
regression model were consistently higher than the 
basic models, indicating superior performance in pre-
dicting the affinity score of modified aptamers. The per-
formance of the same models was also evaluated with 
respect to the R2 (Figure 2b). The stacking regression 
model demonstrated superior performance over the 
base models. The R2 values of the stacking regression 
model were consistently higher, suggesting stronger 
robustness and reliability in predicting the affinity score. 
These results collectively suggested that the stacking 
regression model, as implemented in the DeepModify 
model, provided a more accurate and reliable prediction 
of the modified aptamer affinity score (AS, making the 
stacking regression model a powerful tool for develop-
ing high-affinity aptamer libraries.

ASs were calculated in the first round and 60 modified 
aptamers within 5 different modification types and 12 

different modified sites were selected (Figure S4), which 
possibly improved the binding ability according to wet 
experiments. Several modifications helped improve the 
affinity of aptamers. With a total of 60 modified aptam-
ers, a regression model was trained to predict the affin-
ity score with an average PCC of 0.638 (averaged over 
10 parallel machine learning experiments; Figure 2c). 
During the second round another 120 samples within 
10 different modification types and 12 different modi-
fied sites were selected (Figure S5) from the prediction 
results of the model in the first round. Augmenting the 
data from the second batch to the first batch (a total 
of 180 samples), a regression model was retrained to 
update the AS with an average accuracy of 0.926 (Figure 
2d). In the third round 88 modified aptamers within 4 
different modification types and 22 different modifica-
tion sites were selected (Figure S6). With a total of 268 
experimental affinity results, a regression model was 
trained and predicted ASs with an average accuracy of 
0.655 (Figure 2e). In the final round another 154 modi-
fied aptamers within 7 different modification types and 
22 different modification sites were selected (Figure 
S7). A total of 422 aptamers with post-SELEX modifi-
cations were experimentally synthesized and the bind-
ing affinity was evaluated. Using these experimental 
affinity results, a regression model (DeepModify model) 
was finally achieved with an average accuracy of 0.822 
(Figure 2f). The top 300 modified aptamers are listed for 
the convenience of selection and comparison. The differ-
ence in ASs of aptamers with post-SELEX modifications 
synthesized in the first batch of experiments and those 
predicted in the second, third, and final batches were 
compared. It is noteworthy that the average affinity 
scores significantly enhanced as the batches increased 
(0.82 for first batch, 1.77 for second batch, 3.27 for third 
batch, and 6.89 for last batch; Figure 2g). These findings 
indicated that the model was effectively learning from 
each round of experimental data and improved the 
predictive accuracy with each round. This continuous 
improvement in prediction performance underscores 
the power of machine learning models in aiding the 
development of high-affinity aptamer libraries.

Taken together, when using DeepModify trained with 
a dataset of > 422 samples represented by 40-bit one-hot 
vectors for modification sites and fingerprint for each 
small molecule (Figure S8), a robust stacking model with 
training/testing performance of 0.822 in PCCtr/PCCte 
was achieved. Furthermore, the prediction perfor-
mance analysis of the RF model suggested that the PCC 
between the predicted AS (ASprd) and the validated AS 
(ASval) was > 80.0% because the ASval was > 10.0. These 
results indicated the reliability of the selected model in 
accurately predicting the affinity of modified aptamers.

A subsequent analysis focused on the prediction of 
modified aptamers. A cluster analysis was performed to 
obtain a comprehensive view of the ASs for all modi-
fication types and sites. The distances between differ-
ent classes were calculated and visualized in the cluster 
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analysis (Figure S9a). This finding provided a clear rep-
resentation of the relationship between different mod-
ifications. The K-Means algorithm was applied for the 
clustering process. To determine the optimal number 
of clusters, the distortion score elbow plot for K-Means 
was generated (Figure S9b). This plot aided in identi-
fying the best number of clusters. The silhouette score 
elbow for K-Means was also plotted (Figure S9c). The 

silhouette score is a metric used to assess the similarity of 
a cluster object in comparison to other clusters. A higher 
silhouette score suggests that the object is matched to 
the assigned cluster and is not matched to the neighbor-
ing clusters. The silhouette score serves as a measure of 
the quality of clustering, with higher values indicating 
more distinct and well-separated clusters. All modifica-
tion types and sites were divided into 5 clusters (clusters 

Figure 2  |  Performance evaluation of DeepModify on affinity prediction.
(a-b). The performance of the stacking regression model with that of Random Forest (RF), Extreme Gradient Boosting (XGBT), and Light Gradient 
Boosting Machine (LGBM) regression models in terms of PCC (a) and R2 (b). (c-f) Pearson’s correlation coefficients between the predicted and the 
actual affinity scores of the models in the first (c), second (d), third (e), and last (f) batches. The correlation coefficient values and P-values labelled 
in the figure are the results from the test set to check the performance of the model. (g) The comparison of the difference in affinity scores of 
aptamers with post-SELEX modifications synthesized in the first batch of experiments and predicted in the second, third, and last batches.
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0–4; Figure 3a). Clusters of specific modifications and 
sites were associated with higher ASs, suggesting that 
these specific modifications and sites are important in 
increasing aptamer binding activity (Figure  3b). This 
cluster analysis not only provided a comprehensive over-
view of the ASs of all modifications and sites but also 
helped to select the most promising modifications and 
sites for further studies.

An in-depth interpretability analysis of the Deep
Modify model was performed using the SHAP values 
[33], which provide a measure of the importance of 
each feature in the model (Figure S9d). The SHAP values 

were calculated for each modified site, allowing for 
an assessment of the contribution of each site to the 
model output. This analysis provided valuable insights 
into the relative importance of different modifica-
tions and sites in determining the affinity of modified 
aptamers. Furthermore, a 3D distribution visualization 
was performed to determine the affinity score distri-
bution of different classes of modified aptamers. This 
analysis revealed the distribution of ASs for all modifica-
tion types of aptamers on different nucleotide sites. As 
depicted in Figure 3c and 3d, both modification types 
and sites exhibited varying ASs, indicating the distinct 

Figure 3  |  Differential analysis of feature distribution and affinity scores of different classes of modified aptamers in three-
dimensional space.
(a) Feature distribution of modified aptamers between different classes in three-dimensional space. (b) Comparison of the differences in affinity 
scores of different classes of modified aptamers. (c-d) Distribution of affinity scores for all modification types of aptamers after modification at 
different sites.
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roles in aptamer binding activity. These results demon-
strated that specific modifications and sites contributed 
to higher predicted affinity, thereby potentially increas-
ing aptamer binding activity. The model showed that 
modifications incorporating hydrophobic groups, such 
as quinoline derivate or aromatic amino acids at G4, G9, 
and T11, significantly enhanced ASs. The analysis indi-
cated that introducing a modification at G38 led to a 
notable decrease in ASs. The identification of such pat-
terns suggests that the model has effectively learned 
that while certain modifications enhance aptamer 
functionality, the benefits are highly dependent on the 
nature of the modification types and modification sites 
within the aptamer sequence.

3.3 Discovery and affinity characterization of 
DeepModify-predicting aptamers with post-
SELEX modifications
Higher ASs using the DeepModify model revealed sig-
nificantly increased aptamer binding affinity with 
post-SELEX modifications, such as Aptscl56-9b (KD = 
12.6 nM), Aptscl56-4s (KD = 13.5 nM), Aptscl56-6s (KD 
= 5.88 nM), Aptscl56-8s (KD = 5.62 nM), and Aptscl56-
11s (KD = 5.28 nM). By contrast, lower ASs revealed 
significantly decreased aptamer binding affinity with 
post-SELEX modifications, such as Aptscl56-7i (KD = 
121.6 nM), Aptscl56-5k (KD = 160.3 nM), Aptscl56-32o 
(KD = 196.5 nM), Aptscl56-35o (KD = 205.7 nM; Table 1, 
Figure S10). The binding modes between aptamers and 
sclerostin were investigated using the molecular dock-
ing assay (Figure 4a). Compared to the docking binary 
complex formed by unmodified aptamer (Aptscl56) and 

sclerostin (Table S3), there were more interactions in the 
docking binary complex formed by modified aptamer 
(Aptscl56-9b and Aptscl56-11s) and sclerostin (Tables S4 
and S5). The binding affinity of aptamers with dual mod-
ifications (Aptscl56-9b11s [KD = 0.634 nM]) was superior 
to Aptscl56-9b4s (KD = 18.4 nM), Aptscl56-9b6s (KD = 
1.20 nM), or Aptscl56-9b8s (KD = 1.22 nM). No binding 
was observed between Aptscl56-9b11s and control pro-
tein (human serum albumin [HSA]), suggesting that this 
chemical modification would not enhance non-specific 
binding (Figure S11). Furthermore, the docking results 
showed that the binary complex formed by a dual-mod-
ified aptamer (Aptscl56-9b11s) and sclerostin had the 
lowest root mean square deviation [RMSD] (41.57 Å), the 
largest hydrogen bond number (n = 9), and the short-
est hydrogen bond length (2.51 Å), as well as the largest 
interaction diversity (hydrophobic interactions, hydrogen 
bond, and salt bridges; Table S6) compared to unmodi-
fied aptamer (Aptscl56) and single-modified aptamers 
(Aptscl56-9b and Aptscl56-11s). Notably, Aptscl56-9b11s 
exhibited a 105-fold affinity enhancement compared to 
naturally unmodified aptamer (Aptscl56 [KD = 62.8 nM]), 
indicating that the DeepModify model had enormous 
potential in the selected aptamer affinity optimization.

3.4 DeepModify-predicting aptamers with 
post-SELEX modifications could attenuate the 
inhibitory effect of the transfected sclerostin on 
Wnt signaling and promote mRNA expression of 
bone formation markers in vitro
The binding affinity of aptamer drug candidates to 
the targets has a crucial role in pharmacodynamics. To 

Table 1  |  The measured KD values of the aptamers with post-SELEX modifications against sclerostin.

Name   Sequence   KD (nM)   ASval

Aptscl56   CGGGGTGTGGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   66.4   1.0

Aptscl56-9b   CGGGGTGTbGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   12.6   5.3

Aptscl56-4s   CGGsGTGTGGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   13.5   4.9

Aptscl56-6s   CGGGGsGTGGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   5.88   11.3

Aptscl56-8s   CGGGGTGsGGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   5.62   11.8

Aptscl56-11s   CGGGGTGTGGsTTCGTCGTTAGCTTGATTTGGCAGCTGCC   5.28   12.6

Aptscl56-7i   CGGGGTiTGGGTTCGTCGTTAGCTTGATTTGGCAGCTGCCT   121.6   0.5

Aptscl56-5k   CGGGkTGTGGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   160.3   0.4

Aptscl56-32o   CGGGGTGTGGGTTCGTCGTTAGCTTGATTTGoCAGCTGCC   196.5   0.3

Aptscl56-35o   CGGGGTGTGGGTTCGTCGTTAGCTTGATTTGGCAoCTGCC   205.7   0.3

Aptscl56-9b4s   CGGsGTGTbGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   18.4   3.6

Aptscl56-9b6s   CGGGGsGTbGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   1.20   55.3

Aptscl56-9b8s   CGGGGTGsbGGTTCGTCGTTAGCTTGATTTGGCAGCTGCC   1.22   54.4

Aptscl56-9b11s   CGGGGTGTbGsTTCGTCGTTAGCTTGATTTGGCAGCTGCC   0.634  104.7
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evaluate the therapeutic efficacy of the aptamer with 
the highest affinity, the inhibitory effect of Aptscl56-
9b11s on sclerostin-suppressed Wnt signaling was meas-
ured. For this purpose, HEK293 cells were co-transfected 
with the Topflash (Firefly luciferase reporter regulated 
by TCF/LEF transcription factors) and SV40 (Renilla 
luciferase reporter [inner control]), Wnt-1, and scleros-
tin plasmids. After sclerostin inhibitor treatment, the 
Wnt signaling that was suppressed by the transfected 

sclerostin could be reactivated. The in vitro data showed 
that the luciferase signaling induced by Wnt-1 (47.2-
fold) was significantly attenuated by sclerostin (1.4-
fold), suggesting that a model of sclerostin-suppressed 
Wnt signaling was successfully constructed. The lucif-
erase signaling in the Aptscl56-9b11s treatment group 
was greater than the Aptscl56 treatment group (43.6-
fold vs 27.2-fold; P < 0.001; Figure 4b). The EC50 value 
of Aptscl56 was 101.4 nM, whereas the EC50 value of 

Figure 4  |  The dynamic simulation and therapeutic efficacy of that DeepModify model-predicted Aptscl56-9b11s.
(a) The molecular dynamic simulation of naturally unmodified aptamer (Aptscl56), aptamers with post-SELEX modifications (Aptscl56-9b, 
Aptscl56-11s, and Aptscl56-9b11s). (b) The effects of Aptscl56 and Aptscl56-9b11s on the transfected sclerostin-induced suppressed Wnt 
signaling in HEK293 (n = 3). (c) EC50 measurements of Aptscl56 and Aptscl56-9b11s on the transfected sclerostin-induced suppressed Wnt 
signaling in HEK293 cells (n = 3). (d) The effects of Aptscl56 and Aptscl56-9b11s on downregulation of mRNA expression of bone formation 
markers (Runx2, Alp, and Ocn) in MC3T3-E1 cells (n = 3). *P < 0.05, ***P < 0.001, ****P < 0.0001.
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Aptscl56-9b11s was 31.7 nM (Figure 4c), which indicated 
that DeepModify-predicting aptamers with post-SELEX 
modifications attenuated the inhibitory effect of the 
transfected sclerostin on Wnt signaling in vitro.

MC3T3-E1 cells (preosteoblast-like cells) were used to 
evaluate the impact of Aptscl56-9b11s on downregula-
tion of bone formation marker (Runx2, Alp, and Ocn) 
mRNA expression induced by sclerostin. Co-transfection 
of Wnt-1 and human sclerostin plasmids in MC3T3-E1 
cells was performed, then Aptscl56 or Aptscl56-9b11s 
was added to the cells. Bone formation marker mRNA 
expression was then quantified using real-time qPCR. 
Consistent with the results of the luciferase assay, treat-
ment with Aptscl56-9b11s led to a remarkable recovery 
in the relative level of mRNA expression induced by 
Wnt-1 (85.3% for Runx2, 90.9% for Alp, and 86.4% for 
Ocn). Notably, these levels were >1.7-fold higher com-
pared to treatment with Aptscl56 (49.8% for Runx2, 
49.9% for Alp, and 49.9% for Ocn; Figure 4d). Therefore, 
DeepModify-predicting aptamers with post-SELEX mod-
ifications promoted bone formation marker (Runx2, 
Alp, and Ocn) mRNA expression in vitro.

Collectively, all data indicated that the DeepModify 
model successfully predicted high-affinity aptamers 
with post-SELEX modifications, which attenuated the 
transfected sclerostin inhibitory function on Wnt signa-
ling and promoted bone formation marker (Runx2, Alp, 
and Ocn) mRNA expression in vitro.

4. DISCUSSION

Aptamers have emerged as promising biosensors and 
therapeutic candidates due to target specificity [34, 
35]. The binding affinity to the target has a critical 
role in aptamer efficacy for successful application [36]. 
Generally, post-SELEX modifications are necessary to 
improve the binding affinity of selected aptamers and 
compensate for inherent limitations. However, the large 
number of modification sites and diverse modification 
options make it impractical to exhaustively explore all 
possibilities manually. In the current study a deep learn-
ing algorithm (DeepModify) was established to effi-
ciently predict aptamer binding affinity with post-SELEX 
modifications.

A total of 242 modified aptamers were synthesized 
by solid-phase phosphoramidite chemistry for training 
data with as much information as possible, while 180 
modified aptamers were synthesized by liquid-phase 
CuAAC chemistry. A modified library with 422 modified 
sequences was constructed and the corresponding bind-
ing affinities to the target protein were measured for 
a large dataset. The DeepModify model trained on this 
dataset used a machine learning architecture, including 
different training algorithms and feature representa-
tion approaches. Using the stacking algorithm with > 
422 training data represented by 40-bit one-hot vectors 
for modification sites and fingerprints for each candi-
date small molecule yielded a reliable stacking model. 

In addition to the development and application of 
the DeepModify model, a thorough evaluation of the 
predictive performance was performed using various 
regression metrics, such as PCC, R2, and other error met-
rics (mean absolute error and root mean squared error). 
The stacking model demonstrated consistent superi-
ority over the base models (RF, XGBoost, LightGBM), 
indicating an enhanced capability in predicting mod-
ified aptamer affinity. This comprehensive evaluation 
supports the reliability and robustness of the model. 
Furthermore, interpretability analysis using SHAP val-
ues provided additional insight into the significance of 
different modification types and sites, elucidating how 
specific features contribute to binding affinity. This 
interpretability is crucial for understanding the underly-
ing biological mechanisms and ensuring that the model 
predictions are scientifically meaningful and actionable. 
By emphasizing these evaluation results, the machine 
learning approach not only accurately predicted high-
affinity modifications but also offered valuable biolog-
ical insight, making the machine learning approach a 
powerful tool for optimizing aptamer modifications.

Finally, a classification model was trained to predict 
the AS of these aptamers. The first and second iterations 
focused on 2′-hydroxyl modification, resulting in the AI 
model demonstrating strong PCCs from 0.638–0.926. 
However, base modification and nucleo-sugar scaffold 
changes were introduced in the third iteration, lead-
ing to significant structural variations that subsequently 
decreased the PCC (0.655). In the final iteration, a total of 
422 aptamers further increased the PCC (0.822). Notably, 
the average ASs significantly increased with each batch of 
modified aptamers (0.82 for the first batch, 1.77 for the 
second batch, 3.27 for the third batch, and 6.89 for the 
last batch). Collectively, a DeepModify model for predict-
ing the AS of modified aptamers was successfully devel-
oped and validated. The model demonstrated reliable 
performance and showed promise for guiding the design 
of high-affinity aptamer libraries.

The effects of post-SELEX modifications on modified 
aptamer affinity was identified using the DeepModify 
model. For example, Aptscl56-9b, Aptscl56-4s, 
Aptscl56-6s, Aptscl56-8s, and Aptscl56-11s showed 
improved binding affinities with KD values of 12.6 nM, 
13.5 nM, 5.88 nM, 5.62 nM, and 5.28 nM, respectively. 
Conversely, Aptscl56-7i, Aptscl56-5k, Aptscl56-32o, 
and Aptscl56-35o had KD values of 121.6 nM, 160.3 
nM, 196.5 nM, and 205.7 nM, respectively. Notably, a 
superimposed effect on binding affinity was observed 
when specific types of dual post-SELEX modifications 
were applied. Aptscl56-9b11s (KD = 0.634 nM) exhib-
ited a 105-fold affinity enhancement compared to nat-
urally unmodified aptamers (Aptscl56 [KD = 62.8 nM]). 
The enhancement effect of chemical modifications 
on binding affinity can be attributed to the follow-
ing factors: (1) The high-affinity modified aptamer 
(Aptscl56-9b11s) exhibited a broader spectrum of inter-
action types, encompassing hydrophobic interactions, 



Acta  
Materia  
MedicaResearch Article

Acta Materia Medica 2025, Volume 4, Issue 1, p. 122-136      135 
© 2025 The Authors. Creative Commons Attribution 4.0 International License

hydrogen bonds, and salt bridges (Table S6). In contrast, 
the unmodified aptamer (Aptscl56) primarily featured 
hydrogen bonds and salt bridges (Table S3). The modi-
fications in Aptscl56-9b11s potentially introduced novel 
functional groups or induced conformational changes in 
the aptamer that enabled a more diverse set of inter-
actions with sclerostin. (2) The interaction count of 
Aptscl56-9b11s to sclerostin was 15 (Table S6), whereas 
the interaction count of Aptscl56 to sclerostin was 12 
(Table S3). The modifications in Aptscl56-9b11s poten-
tially introduced additional binding sites that actively 
participated in the interaction with sclerostin. (3) The 
RMSD value for Aptscl56-9b11s was 41.57 Å, whereas the 
RMSD for Aptscl56 was 56.18 Å (Figure 4a). The modifi-
cations in Aptscl56-9b11s contributed to enhancing the 
structural stability of the aptamer, potentially resulting 
in a more robust and reliable binding interface.

To evaluate the therapeutic efficacy of Aptscl56-
9b11s, the effects of Aptscl56-9b11s on the sup-
pressed Wnt-signal by the transfected sclerostin and 
bone formation marker expression were investigated. 
Luciferase signaling was higher in the Aptscl56-9b11s 
treatment group compared to the Aptscl56 treatment 
group, suggesting that Aptscl56-9b11s significantly 
reactivated Wnt signaling that was suppressed by 
sclerostin. Compared to Aptscl56, Aptscl56-9b11s also 
significantly promoted the levels of bone formation 
marker expression, indicating the potential to enhance 
bone formation processes. Runx2 is a key transcription 
factor involved in osteoblast differentiation [37], while 
Alp and Ocn are markers of osteoblast activity and 
maturation, respectively [38]. Upregulation of these 
markers suggests that Aptscl56-9b11s enhances the dif-
ferentiation and activity of preosteoblasts, leading to 
increased bone formation. Collectively, Aptscl56-9b11s 
not only attenuated the suppressive effect of sclerostin 
on Wnt signaling but also promoted bone formation 
marker expression, indicating the potential to enhance 
bone formation processes. This dual mechanism of 
action makes Aptscl56-9b11s a promising candidate 
for therapeutic interventions targeting bone-related 
disorders.

Traditional approaches rely heavily on manual exper-
imentation and intuition, making it challenging to 
explore the vast array of potential modification sites 
and options. In contrast, the DeepModify model pro-
vides a significant advance by leveraging deep learning 
to predict the binding affinity of aptamers with post- 
SELEX modifications. Compared to traditional methods, 
the DeepModify model enables efficient prediction 
of binding affinity, significantly reducing the need 
for extensive manual experimentation. Moreover, the 
DeepModify model provides data-driven insight into the 
effects of post-SELEX modifications on aptamer binding 
affinity. Overall, the DeepModify model offers signifi-
cant improvement over traditional approaches by pro-
viding a more efficient, accurate, and reliable method 
for predicting the binding affinity of aptamers with 

post-SELEX modifications. This advancement paves the 
way for the development of high-affinity aptamers with 
enhanced therapeutic potential and probe sensitivity.
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